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RESUME

Face au déclin global de la biodiversité, de nomnbrsuivis de populations animales et
végeétales sont réalisés sur de grandes zones géagras et durant une longue période afin
de comprendre les facteurs déterminant la distabut’abondance et les tendances des
populations. Ces suivis a larges échelles permtatteistatuer quantitativement sur I'état des
populations et de mettre en place des plans degesgtpropriés en accord avec les échelles
biologiques. L’analyse statistique de ce type dendem n’est cependant pas sans poser un
certain nombre de problemes. Classiquement, oisautdes modeles linéaires généralisés
(GLM), formalisant les liens entre des variablespmsées influentes (par exemple
caractérisant I'environnement) et la variable @Bt (souvent la présence / absence de
I'espece ou des comptages). Il se pose alors urlggn@ majeur qui concerne la maniere de
sélectionner ces variables influentes dans un gtmtéde données spatialisées. Cette thése
explore différentes solutions et propose une méthfadilement applicable, basée sur une
validation croisée tenant compte des dépendancéalepalLa performance de la méthode est
évaluée par des simulations et différents cas d&studont des données de comptages
présentant une variabilité plus forte qu’attendserdispersion). Un intérét particulier est
aussi porté aux méthodes de modélisation pourdeséks ayant un nombre de zéros plus
important qu’attendu (inflation en zéro). La dermiépartie de la thése utilise ces
enseignements meéthodologiques pour modéliser tabdigson, 'abondance et les tendances
des rapaces diurnes en France.

ABSTRACT

In the context of global biodiversity loss, moredanore surveys are done at a broad spatial
extent and during a long time period, which is donerder to understand processes driving
the distribution, the abundance and the trends plilations at the relevant biological scales.
These studies allow then defining more precise @masion status for species and establish
pertinent conservation measures. However, thesstati analysis of such datasets leads some
concerns. Usually, generalized linear models (Glav® used, trying to link the variable of
interest (e.g. presence/absence or abundance) seitte external variables suspected to
influence it (e.g. climatic and habitat variableShe main unresolved concern is about the
selection of these external variables from a spat@&aset. This thesis details several
possibilities and proposes a widely usable methaseth on a cross-validation procedure
accounting for spatial dependencies. The methegstakiated through simulations and applied
on several case studies, including datasets withhehni than expected variability
(overdispersion). A focus is also done for methadsounting for an excess of zeros (zero-
inflation). The last part of this manuscript applithese methodological developments for
modelling the distribution, abundance and trenchptors breeding in France.
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AVANT PROPOS

La présence d'étres vivants est sans contesteiacprieuse des particularités de notre
planete. Sans doute issue a l'origine d’'une gress@e physico-chimique, la vie a donné lieu
a une multitude d’entités utilisant des ressounpesr croitre et se multiplier. Mais la
diminution de ces ressources ou la modification aemditions physico-chimiques
environnantes peuvent I'affecter de maniére sulistimtLa vie est en effet trés sensible aux
perturbations de son environnement et plusieussesrimajeures ont déja failli I'éradiquer.
Ces grandes crises d’extinction semblent toujouess du des modifications importantes de
I'environnement. Les causes les plus probables dpiendiscutées, une importante glaciation,
des éruptions volcaniques cataclysmiques ou l'imndam météore sur la Terre, ont toujours
été d’'ordre ‘catastrophe naturelle’. Aujourd’hui dembreux scientifiques s’accordent sur le
fait que nous sommes aux prémices d'une sixiemadgrarise d’extinction. Cette fois,
I'utilisation irrationelle des ressources par I'esp humaine pourrait bien en étre la cause
principale. Depuis notre apparition sur Terre, nausns en effet profondément modifié notre
environnement et avons déja provoqué de nombrecs@strophes écologiques (marées
noires, déforestation, pollution des cours d’eéln).exemple bien connu est celui de I'lle de
Paques ou la disparition de plusieurs espéces egdésnest indéniablement due a I'espéce
humaine. En effet méme si ce n'est pas les pasaudarant épuisé leur ile, comme cela a été
soutenu par Jared Diamond en 2005 dans sa célelwee amtitulée « Effondrement »
(‘Collapsé), ce sont tout de méme des hommes qui, lors deltanisation par les européens,
I'ont détériorée de maniére irréversible. Un aetxemple tout aussi frappant est I'éradication,
en quelques dizaines d’années, de l'oiseau qui g&mis doute I'un des plus abondants au
monde, le Pigeon migrateur américhictopistes migratoriusMais I'espece humaine n’influe
pas seulement de maniére directe les étres vivalsles influence aussi indirectement en
modifiant leur environnement. En particulier, toles changements globaux d’origine
anthropique, tel que les changements d’usage dessis aussi les changements climatiques
sont susceptibles de les affecter a long terme.

Quoi qu’il en soit, il en résulte un déclin rapide la diversité du vivant dont il est
nécessaire de se préoccuper rapidement. Heureusdiimeportance de la biodiversité, y
compris pour I'espéce humaine, commence a préocdume nombre de scientifiques, de
politiques et d’économistes. En particulier, un boenconséquent de moyens, dont des
moyens financiers non négligeablesont en train d'étre mis en place pour enrayetémin
(parcs naturels, zones Natura 2000, mesures agimenementales, aires marines protégées,
Trame verte et bleuet ceterd. Afin de mesurer la perte de biodiversité et deetniner si
ces moyens sont suffisants ou non pour la contrest nécessaire de mettre en place des
indicateurs de biodiversité. Sans ces indicatesieguer sur I'état réel de la biodiversité sur
notre planete reste de l'ordre des présomptiongjuten’a que peu de poids lorsque des

! « Quand on parle pognon, a partir d’un certaifffrehitout le monde écoute » Michel Audiard



décisions importantes doivent étre prises a I'dehdlun pays ou a linternational. Les
indicateurs de biodiversité doivent étre capablesddnner des informations sur I'état des
populations d’étres vivants sur notre planéte raagsi de leurs tendances afin de détecter des
signaux d’alarme ou au contraire des signaux fesRiour tenir compte a la fois de I'échelle

a laquelle les organismes interagissent avec lavra@nement et celle a laquelle sont prises
les décisions concernant la protection de la bigditée il apparait judicieux que le suivi des
populations soit réalisé a large échelle géograjghet ce sur une longue période. De plus en
plus de programmes de suivi operent a cette échedlis I'analyse des données qui en
découlent n’est pas sans poser un certain nombuffiultés. Ceci constitue précisément
I'objet de cette these.



INTRODUCTION GENERALE

1) Pourquoi suivre les populations

Qu’est ce qu’'une population ?

Une population peut se définir comme un ensemblaididus d’'une méme espece
occupant une zone géographique commune et se regantdentre eux (voirillstein 2010.
Elle se caractérise par plusieurs parametres tetssgpn effectif, son taux de croissance
(augmentation, stabilité, diminution de l'effectifa densité (le nombre d’individus par unité
de surface) et sa répartition (aire occupée ppopailation). Ces parametres sont des éléments
clés pour déterminer son état et en particulievighilité (Shaffer 1981 Par exemple, une
population constituée de peu d’individus a besoimd’densité minimum pour se maintenir
car il existe alors une relation positive entre &arx de croissance et sa densitee 1931,
1938; Allee et al. 1949; Stephenst al. 1999; Courchampet al. 1999, 2008 Stephens &
Sutherland 1999 Pour sa conservation, il sera donc primordiaVeidler a ce que sa densité
ne descende pas en dessous d’un certain seuipdrametres démographiques, qui sont la
survie, la dispersion et la reproduction, vont duaeux aider a comprendre les mécanismes
qui régissent les différents parametres de la @ojoul (voir Simberloff 1986; Robinsoret al.
20049).

Suivre une population

Suivre une population consiste a déterminer I'évofute 'ensemble ou d’'une partie
de ses parametres au cours du temps (voir par dxeBaillie 1990. Les suivis de
populations jouent donc un réle crucial pour déteét temps d’éventuels signaux d’alarme
chez les espéces menacées et de prendre des dgcaigfortunes quant a leur conservation
(Baillie 1990, 1991, Robinsonet al. 2004; Greenwoocet al. 200§. Mais ces suivis ne sont
pas seulement intéressant pour les especes menaegespeces communes ont aussi un role
primordial dans le fonctionnement des écosysteresi, un faible déclin de ces espéces
peut résulter en une perte importante de biomassgactant de maniere significative
'ensemble de I'écosystem&déston & Fuller 2008 Le fait de suivre les espéces communes
permet en particulier de déterminer pourquoi &l@st abondantes aujourd’hui, ce qui pourra
donner des informations essentielles pour leur ewasion future. Méme le suivi d’especes
en augmentation peut donner des informations préege Par exemple, les especes invasives
peuvent entrer en compétition avec des especegeimes et donc expliquer les causes de leur
déclin Mooney & Cleland 2001 Gurevitch & Padilla 2004

Implications pour le calcul des indicateurs de biotversité

Le suivi de populations permet de statuer sur tl'éi@ santé des especes, de leur
attribuer un statut de conservation (IUCMyw.iucnredlist.ord, et sont donc souvent a la
base du calcul des indicateurs globaux de biodigefgoir Bucklandet al. 2005; Pereira &



Cooper 2006 Butchartet al. 2010; Joneset al. 2011). L’ensemble des especes meériterait
d’étre suivi, mais cela est bien sar impossibléaiser. On privilégiera donc certains groupes
d’espéces, dites indicatrices, c'est-a-dire capabi donner des informations sur un plus
grand nombre d’especes (véliremen 1992 Caro & O’Doherty 1999 Carroll et al. 2001;
Carignan & Villard 2002 Sergioet al. 2009. Pour le calcul d’indicateurs de biodiversité, il
reste néanmoins important qu’'un grand nombre deipg® taxonomiques différents soit
étudié, ceci afin de rendre compte de I'évolutiam ld biodiversité a tous les niveaux
(Andelman & Fagan 2000Carignan & Villard 2002 Les organismes vivants étant tres
différents les uns des autres, il est nécessaimatige en place des types de suivi différents.

2) Comment suivre les populations

Méthode usuelle

Une des meéthodes les plus utilisées pour suivre popmulation est la capture-
marquage-recapture (CMRgeslie & Chitty 1951; Leslie 1952 Leslie et al. 1953. Elle
consiste a capturer des individus d’'une populatiewm; attribuer un identifiant unique (une
marque), les relacher et les recapturer a nouveaowas de plusieurs sessions de capture. La
CMR permet d’'estimer la taille de la population aigge ses parametres démographiques
(voir Lebretonet al. 1992; Connet al. 2006 et est donc un outil avantageux pour suivre une
population. Mais, pour que les résultats soienideal il est nécessaire de poser plusieurs
hypotheéses qui sont rarement vérifiees en pratigmeparticulier, il est nécessaire que la
population soit close, c'est-a-dire qu’il n'y aiagpd’échanges avec l'extérieur de la zone
étudiée, sinon les estimations peuvent étre fom¢miaiséesKendall 1999. Des méthodes
ont été développées pour utiliser la CMR sur deguladions dites ‘ouvertes’ mais les
résultats restent alors trés sensibles a d’auynesthéses comme le fait que la probabilité de
capture et le taux de survie doivent étre idensgaetre individusJolly 1965; Seber 1965
mais voir aussPledgeret al. 2010. Du fait de ces hypotheses sous-jacentes et dedtn
non-négligeable dans sa mise en ceuvre (capturepuhation), la CMR est plutdt a réserver
pour le suivi d’'une zone de petite taille et osiece d’intérét est fidele a la zone étudiée.

Le probléme d’échelle

Les especes (et c’est particulierement le cas sj@sces communes) occupent le plus
souvent de larges aires géographiques, c'est-adeir€ordre de plusieurs centaines voir
milliers de kilometres carrés. Elles font face aeugrande variabilité des conditions
rencontrées et donc a une grande variabilité dassphramétres de la population. Elles
fonctionnent alors plutét sous forme d'une métapaipah, c'est-a-dire ou plusieurs
populations sont interconnectéégyins 1969 Hanski & Gilpin 1991; Hanskiet al. 1999.

Afin de tirer des conclusions globales, et nong®gement restreintes a un sous ensemble de
la population, il est donc nécessaire d’adaptesilegs Qickinsonet al. 2010; Jones 2011
lIs doivent en particulier étre réalisés a une Belggographique qui soit large par rapport aux
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capacités de dispersion de I'espece étudiée, s#soronclusions risquent d’étre limitées pour
sa conservation sur I'ensemble de son aire detrépar(Baillie et al. 2000. Par exemple, il
arrive qu’une espece soit présente dans une zdagotéble ou son taux de croissance est
inférieur & 1 (appelé puits, voRulliam 1988 ; conserver cette zone n’a alors que peu
d’intérét car la présence de I'espéce ne résulfaieque de la colonisation par des individus
provenant d’autres zones a proximité qui sont fdusrable, c'est-a-dire ou le taux croissance
est supérieur (appelé source).

Les décisions importantes prises pour la consenvale la biodiversité concernent
elles aussi de larges zones géographiques, répoaitianaux menaces globales qui pese sur
notre planéteonvention on Biological Diversity 20L(Perringset al. 2010, 201). Dans le
but de concilier I'échelle de fonctionnement degpuwations et I'échelle a laquelle les
décisions sont prises, il semble inévitable d'dffec les suivis sur de larges échelles
géographiqueslpnes 20111

Les suivis a large échelle

Suivre une population a large échelle, comme pamgie a I'échelle d’'un pays ou
d'un continent, impose des contraintes non nédligsaet nécessite potentiellement des
moyens logistiques et /ou financiers importants r(\@ckinson et al. 2010; Jones 2011
Ainsi, dans la grande majorité des cas, il sera ssibte de suivre 'ensemble de la zone et il
faudra donc échantillonner seulement un sous-engeraptésentatif de celle-ci. Aussi plutét
que de suivre les individus sur la zone étudiée (eena’est le cas pour la CMR), il sera
préférable de suivre des sites et d’y quantifierifaividus présents (voithalaet al. 2011;
Jones 201)1 On s'intéresse alors a la variation de densitgididus dans I'espace et dans le
temps, ce qui permettra dans un deuxiéme tempsdeed des informations sur I'état de
santé de la population comme son effectif, sa tidjoar et sa tendance. Dans ce cas, les
paramétres démographiques sont la plupart du tégnpsés car difficiles a acquérir malgré
gu’ils soient fondamentaux pour une compréhensppraiondie des processus affectant la
population (voir par exempléregoryet al. 2004. Néanmoins, cette compréhension n’est pas
toujours essentielle dans un premier temps, et teyarement si I'on cherche simplement
a détecter des signaux montrant que lI'espéce estéelm ou en augmentation (voir par
exempleFulleret al. 1995; IUCN, www.iucnredlist.org.

Il existe un grand nombre de techniques pour détdes individus d’'une espece (voir
Yates 1949 Seber 1982, 1986, 1995chwarz & Seber 1999Royle & Nichols 2003pour
un apercu). Elles doivent étre suffisamment précsaur pouvoir donner des informations
pertinentes sur la populatioWfgite 2001; Anderson 20031 Legg & Naggy 200%h La
technique la plus élémentaire est le relevé dedagmce/absence de I'espéce sur des surfaces
de petite taille (carreé, rectangle ou cercle),étafit par exemple la taille d’'un territoire chez
les espéces territoriales. Cependant, bien queskepce/absence permet de dresser une carte
de la distribution de I'espece sur la zone étudidle, ne permet que rarement de déterminer
une taille de population ou une tendance car I'daone n’est pas toujours reliée au taux de
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présenceNielsenet al. 2005. Des méthodes permettent alors d’estimer I'abnoéa partir
de la présence/absence, par exemple en utilisaekali@gon entre I'abondance et le nombre de
sites occupésHe & Gaston 200Q Holt et al. 2002, voir méme leur agencement spatial
(Conlisk et al. 2009. Mais ces méthodes utilisent des hypothésessfarte limitent leur
validité (Conlisket al.2007; He & Gaston 200)Z Ce type de relevé est donc plutét a réserver
lorsque la présence de plusieurs individus suruleiéés de surface échantillonnées est
anecdotique, soit parce que I'espece est rarepaae que I'unité d’échantillonnage est petite
(Josephet al. 200§. Un relevé plus contraignant, mais aussi plusrimétif, consiste a
quantifier tous les individus présents sur lesss#igivis, c'est-a-dire déterminer I'abondance.
Avec une telle mesure, il sera cette fois possiblstimer a la fois la répartition des
individus, leur nombre et méme leur tendance selievé est fait sur une longue période.

3) Tenir compte des contraintes liées au terrain

Délimiter une zone d’étude

Idéalement, la zone d’étude devrait couvrir I'enbEmde I'aire occupée par la
population, voir méme au dela si I'on veut déteaes changements dans son aire de
distribution. Mais en pratique, cela est difficilem réalisable. En effet, il se pose alors des
problemes logistiques insolvables tels que I'impmk& de faire des relevés dans des pays
qui ne souhaitent pas participer au suivi. En dépita cohérence avec le fonctionnement de
la population étudi€e, les limites géographiquamiastratives, comme les frontieres, sont
souvent d’emblé un facteur limitant la taille dezlane d’étude. Nombre de suivis a large
échelle se limitent donc a un pays (voir par exemgle breeding bird survey UK,
www.bto.org/volunteer-surveys/bbs ;  the  christmas  bird count -  USA,
birds.audubon.org/christmas-bird-counthe north american breeding bird surveyUSA,
WWw.pwrc.usgs.gov/BBS I'observatoire rapaces - FRbservatoire-rapaces.lpo;file suivi
temporel des oiseaux communs - FRigienature.mnhn.fr/page/le-suivi-temporel-des-
oiseaux-communs-stoc ;  swiss  ornithological institute  monitoring - CH,
www.vogelwarte.ch/monitoring-en.htjnlL’avantage de faire des suivis a I'échelle dhays
est sa cohérence avec I'échelle a laquelle lesidési pour la conservation seront prises (voir
Jones 201)1 Néanmoins, des projets existent pour étendresue@ss au-dela des frontieres
(the biodiversity observation networkwww.earthobservations.org/geobon.shtml the
european biodiversity observation netwokkaladaet al. 2009; Pereiraet al. 2010 et il
possible que dans les années a venir, des suigrationaux, voir globaux, voient le jour.

La probabilité de détection

Un des problemes majeurs des relevés de présenma¢abst d’abondance est qu'ils
nécessitent idéalement que tous les individus ptéseient détectés sur les sites stigisir
Anderson 2001, 2003Pearce & Ferrier 2001 Engeman 2003 Or, chez la plupart des

2 au moins un individu dans le cas d’un relevé dsgnce/absence.
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especes, un certain nombre d’individus risquenpakeser inapercus, soit en raison de leur
taille (microorganismes, insectes), soit en raigtn leur comportement (évitement de
’homme, nocturne, sous-marine, sous-terraine).yhdthése d’exhaustivité n’est donc
vraisemblablement jamais respectée, ce qui a elmgl conduit a de fortes critigues et mises
en garde vis-a-vis de ce genre de suivi (voir dsmages entre David R. Anderson et Richard
M. Engeman,Anderson 2001, 2003Engeman 2003 Si la probabilité de détection des
individus est constante dans I'espace et dansngdgela présence/absence ou I'abondance
‘relative’ a la détection sera tout de méme unermftion importante puisqu’elle permettra
de détecter les fluctuations de densité (du maites@obabilité de détection n’est pas nulle).
Mais en pratique, la probabilité de détection a preu de chance d’étre constataderson
2007 et il est donc nécessaire de corriger la medeoer ce faire une premiére stratégie
consiste a effectuer un suivi intensif sur un sensemble des sites suivis. Ceci permettra de
calibrer les autres données en utilisant le rapeofite I'abondance relative et I'abondance
réelle en ces sitesrétes 1949 Cochran 1963 Kish 1965; Eberhardt & Simmons 1987
Une autre stratégie, plus aboutie, est d’adaptayde de relevé de maniere a estimer en
parallele la probabilité de détection. Ainsi, si d@&tection est supposée variable entre
observateurs, des protocoles de suivis a plusiebservateurs sont préconiséSofk &
Jacobson 1979Nichols et al. 2000; Alldredgeet al. 2009. Si c’est plutdt la détection de
I'espéce qui est problématique, on préférera laeviccessive du méme sitdacKenzieet

al. 2002; Royle & Nichols 2003 Royle 2004. Pour ce dernier, il faut par contre faire
I'hnypothése que les individus ne changent pas ele dintre les visites, c'est-a-dire que la
population soit close pendant toute la durée dui.skinfin, une autre méthode pour tenir
compte de la probabilité de détection de l'espesk I'échantillonnage par la distance
(distance samplingBurnhamet al. 1980; Bucklandet al. 1993, 2001, 2007 Il consiste a
noter la distance entre I'observateur et les imigidétectés, I'idée étant que la détection est
de 100% a une distance nulle et décroit lorsqueisance d’observation augmente. Il est
alors possible d’estimer une densité corrigée pardbabilité de détection. Cette mesure peut
étre réalisée sur des transects ou des points ellgdifons et nécessite aussi plusieurs
hypotheses pour que les résultats soient validesme la bonne estimation des distances et
la non-attraction-répulsion des individus vis-a-asl’observateur.

Compromis quantité/qualité des données, temps a aller et financements

En pratique toutes les types de relevés ont destayes et des inconvénients, qu'ils
tiennent compte de la probabilité de détection @, et aucun n’est parfait (vdgeber 1986
Krebs 1999 Schwarz & Seber 1998Bucklandet al.2000; Anderson 200)L Les relevés les
plus fiables sont aussi ceux qui demandent le gguemps pour étre réalisés et ne sont donc
pas toujours utilisables pour des suivis a lardeekbe Jones 201)1 Le choix de I'un d’entre
eux résulte donc d’'un compromis entre la quantité& gualité des données, ce qui dépendra
grandement des moyens humains et financiers dislesniPour les suivis a large échelle, il
est nécessaire de mobiliser un nombre importantsdimateurs, ce qui peut étre réalisé a
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moindre codt par la sollicitation d’un réseau dadwdles(voir Dickinsonet al.2010; Levrel

et al. 2010 ; Jiguetet al. 2011). Le nombre d’études scientifiques faisant appedea
bénévoles est littéralement en train d’exploserr(@mckinson et al. 2010. Les bénévoles
offrent des opportunités sans précédent pour slavibeodiversité et permettent en particulier
de suivre les populations a des échelles vrainages, ce qui est inenvisageable autrement
(Devictor et al 2010; Dickinsonet al. 2010. De plus, ces suivis sont a la fois un moyen
d’investigation scientifique et de sensibilisatiales citoyens (voirCohn 2003 En
contrepartie, les données peuvent étre moins ir#ves car ce genre de suivi conduit a
privilégier des relevés simples a réaliser et pentraignants pour maximiser le taux de
participation des bénévoledohes 201 Il faut donc encore une fois faire un compromis,
choisir un protocole suffisamment détaillé pouruass la fiabilité des données, mais aussi
suffisamment Iéger pour que les bénévoles veuibe participer au suiviickinsonet al.
2010; Jones 2011 Jiguetet al. 2011). Dans tous les cas, un nombre important d’obseuva
génere aussi une plus forte hétérogénéité damnmieses, par exemple en raison de capacités
de détection différentes entre observateiskinsonet al. 2010, et il sera nécessaire d’en
tenir compte lors de I'analyse des données etintedprétation des résultats.

4) Modéliser les données

Pourquoi modéliser les données ?

Une fois le suivi réalisé et les données acquide®ste a estimer les parametres
d’intérét pour la population. Les sites échantillésivont permettre d’inférer ces paramétres
mais l'utilisation brute des données permet rarerdenies calculer de maniere adéquate. En
effet, méme s'il est possible d’estimer un effestihplement par une regle de 3 ([abondance
totale relevée/surface total échantillonnée] * acef totale de la zone), rien ne permet de
garantir la validité de cette estimation. Sa védidiera en particulier affectée dans le cas ou
les individus ne se répartissent pas de maniéreogene, ce qui est tres vraisemblablement
toujours le cas dans la nature. L’objectif printigst de comprendre pourquoi et comment les
individus se répartissent dans le temps et daspd@e. Les données recoltées peuvent alors
étre confrontées a des données externes (variakjpdigatives) pour déterminer les facteurs
influencant la distribution et 'abondance de lgpplation étudiée. Par ailleurs, un autre
objectif est souvent de prédire les paramétresétdh sur 'ensemble de la zone étudiée. Par
exemple, l'intérét peut étre de prédire des donédsondance aux sites non-échantillonnés
et ainsi d’obtenir une carte de distribution congleour I'espéce étudiée. Les variables
explicatives peuvent d’ailleurs elles aussi aideladorédiction. Afin de répondre a ces
objectifs, il est nécessaire de passer par une @apmodélisation des données, c'est-a-dire
construire un modéle probabiliste adédueapable de rendre compte de linformation
contenue dans les données ainsi que de sa précision

3:_.. all models are approximations. Essentially,rabdels are wrong, but some are useful. However, the
approximate nature of the model must always bedormind...’(Box & Draper 198y
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Les modeles de distribution corrélatifs en écologie

Classiqguement, on cherche a relier les relevés émepce/absence ou d’abondance a
des variables explicatives qui caractérisent less stchantillonnés. Il existe de nombreuses
méthodes pour déterminer ces liens (\@agurado & Aradjo 2004Franklin 2009 Elith &
Leathwick 2009. Les modeles de régression (et assimilés) senplies utilisés et les plus
faciles a interprétefElith & Leathwick 2009. Ils consistent a expliquer la présence/absence
ou l'abondance de l'espece étudiée comme une sompomeiérée d’autres variables
(explicatives). Par modéle de régres§jginclus ici toutes les formes de modélisatiorséas
sur cette idée, que ce soit les modéles linéalifels Adrien-Marie Legendre en 1805 et Carl
Friedrich Gauss en 1809, véeal 196Y, les modéles linéaires généralisés (GIM]der &
Wedderburn 1972 les modeles additifs généralisés (GANRstie & Tibshirani 1986 ou
leurs dérivées comme les modeles de régressionedfiee@léatoire spatialement structuré ou
non (LMM, Eisenhart 1947 Laird & Ware 1982; GLMM, Breslow & Clayton 1993
GAMM, Lin & Zhang 1999. Ces modeles sont dits ‘corrélatifs’, ce qui thBstingue des
modéles ‘mécanistes’ (voiKearney & Porter 2009 lls utilisent la corrélation entre
I'abondance et les variables explicatives conse@mour quantifier les liens existants entre
ces deux composantes. Il est important de noter apite corrélation n’'implique pas
forcément une relation de cause a effet directpeat étre liée a des effets indirects (voir
Sinclairet al. 2010. Il convient alors de rappeler qu’il existe ddyges de modélisation : un
premier type visant a expliquer les processus mflient sur la distribution des especes (les
modeles explicatifs) et un second visant a maximigepouvoir prédictif du modele de
maniéere a l'utiliser ensuite pour prédire aux sites-échantillonnés (les modeles prédictifs)
(voir Guisan & Zimmermann 200CElith & Leathwick 2009. Un bon modele prédictif n’est
pas forcément un bon modéle explicatifvete versa Dans le premier cas, I'objectif est de
maximiser le pouvoir prédictif du modéle au dépdada compréhension des processus alors
que dans le second cas, c’'est la compréhensionystense qui prime. En pratique, la
distinction entre ces deux extrémes n’'est pas aase et on cherche plutét un modele
présentant les deux caractéristiques, c'est-atgirenodele explicatif ayant un fort pouvoir
prédictif. Il est alors nécessaire de faire apparadlairement les hypothéses écologiques
testées, d'utiliser des variables explicatives adtapumais aussi d’interpréter avec précaution
ces modelesBahn & McGill 2007; Jiménez-Valverdet al.20089.

L’estimation des parametres

Le modeéle de régression va permettre de quantifidluence des variables explicatives
utilisées et par la suite d’estimer les parameadeeta population. Plusieurs méthodes existent
pour y parvenir et le choix de l'une d’entre elles principalement dépendre du type de
modéle utilisé. Considérons le modéle linéairesitage pour n données tel que X + ¢ ou

4 C'est & Francis Galton que I'on doit le nom dgreésion suite & ses travaux sur I'hérédité daille des
graines chez les plantes et sur I'hérédité deilla tthez I'étre humain (voiGalton 1888§. Il constatera en
particulier que la taille des enfants régresse keensoyenne lorsque les parents sont grands.
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y est le vecteur de la variable réponse (), X est la matrice dgsvariables explicatives (xn
i), B est le vecteur des j parametres inconnusl(j ete est le vecteur (R 1) des erreurs de
moyenne 0 et de varianeé tel quee ~ N(O, 1 62). On cherche a quantifier I'influence de
chacune des j variables explicatives utiliséest-@elire & connaiti® mais aussi a connaitre
02, la variance résiduelle (non prise en compte gmrariables explicatives). Dans le cadre du
LM, la maniere classique d’estimgrest de minimiser la somme des erreurs au ¢layré X5
|12, ce qui conduit & I'estimateur bien connugded = (X’X)*X’y puis & celui de?: s2=||y -
Xb [|2/ (n - j). Pour les données de présence/absence ou d’abenddrypothéese de
normalité n’est plus respectée et le LM est donc geommandé. L'utilisation d’'un GLM
(Nelder & Wedderburn 19%2ermet de palier ce probleme en conservant tadate base du
LM, ce qui en facilite I'interprétation. En effde GLM peut s’écrirey ~ EF(G*(X8), 1) ol
EF est une distribution de la famille exponentiella Ioi normale pour le LM)g est la
fonction de lien (I'identité pour le LM) eb est le paramétre de dispersiaA pour le LM).
Ainsi, on retrouve I'écriture du LMy ~ N(X3, l62) comme cas particulier du GLM.
L’estimation des parametres d’un GLM se fait enggéhpar maximum de vraisemblance,
la méthode des moindres carrés classique, basébypothese de normalité, étant alors peu
adaptée. La vraisemblance est une mesure caractélés probabilité d’obtenir les données
observées avec le modéle considéré. Son calculndédenc de la distributionEE)
considérée. Pour des données discréetes, c’esbdieiipdes probabilités d’obtenir une donnée.
Pour des données continues, on parle de densjtéobabilité et non de probabilité. Dans le
cas du LM, l'utilisation du maximum de vraisemblareonduit au méme estimateur £1€b)
que par moindres carrés. Par contre I'estimateuf dg2) est biaisé car il valjty - Xb ||/ n
au lieu dd| y - Xb ||?/ (n - j). Ce biais n'a pas de conséquence importante lodsguembre
de données (n) est suffisamment grand par rapponioenbre de parameétres du modéle (j).
Mais cela montre néanmoins que le maximum de vrdnce n'est pas adapté pour
I'estimation des composantes de variance car jiread pas en compte la perte du nombre de
degrés de libertés occasionnée par I'estimationj @éets fixes Harville 1977. Ainsi pour
les modeles incorporant plusieurs composantes danea, comme les modeles a effets
aléatoires (modeles mixtes ou hiérarchiques), lgitmam de vraisemblance nécessite des
modifications. On utilisera alors d'autres formes draisemblance qui peuvent estimer
correctement les composantes de variance, comnrraitemblance restreinte pour les LMM
(restricted maximum likelihogdREML, Patterson & Thompson 19)/1
Pour les GLMM, en plus du probléme qui se pose peuralcul des composantes de
variance, la vraisemblance elle-méme devient dlgfigcoir impossible a calculer. Il devient
donc nécessaire d'utiliser des approximations.fles classiques sont la quasi-vraisemblance
pénalisée fenalized quasi-likelihoqdPQL, Green 1987 Schall 1991; Breslow & Clayton
1993 ; Wolfinger & O’Connell 1993 la quasi-vraisemblance marginalmafginal quasi-
likelihood MQL, Goldstein 1992 Breslow & Clayton 1998 I'approximation Laplacienne
(Tierney & Kadane 1986 Pinheiro & Bates 1995 Raudenbush et al 200@u encore
I'approximation par quadrature (adaptative gausseradaptive gaussian quadratyraGQ,

16



Davidian & Gallant 1992 Pinheiro & Bates 1995Pinheiro & Chao 2006 Les chaines de
Markov (Monte Carlo Markov ChainMCMC, voir Gilks et al. 1996, développées dans le
cadre bayésienGelmanet al. 2009 permettent aussi d’'estimer ce genre de modéle en
procédant a de multiples échantillonnages et dffdeis moyens efficaces pour résoudre des
problémes complexeB(eslow & Clayton 1993 Clayton 1996 Browne & Draper 2006
Elles nécessitent cependant des temps de calcuksoirés longs avant de donner des
résultats stablesBfeslow & Clayton 1998 Enfin citons I'approximation de Laplace
imbriquée et intégréantegrated nested laplace approximatiphdLA, Rueet al. 2009 qui
permet d’estimer ce genre de modele en des tengusdee Plusieurs auteurs ont mis a
disposition une palette d’outils précompilés paoariliter son utilisation par des utilisateurs
lambda (www.rinla.org). Les GLMM ne sont donc pas des outils facdemanipuler et il
faut retenir que les estimations peuvent étre sféscde maniére (trés) importante par les
outils utilisés (voiBolkeret al. 2009pour une synthese).

5) Respecter les postulats statistiques

L’indépendance des résidus

La validité des résultats obtenus lors de I'uttima d’'un modele de régression dépend
de la validité des postulats sous-jacents au modéiepostulat crucial mais souvent non
respecté en pratique est I'indépendance des résidus- g*(Xb). S'il n’est pas respecté, les
estimations peuvent étre affectées, en particlilmertitude des estimations peut étre biaisée
(voir Cochrane & Orcutt 1999Un cas concret de dépendance résiduelle se iplodegue
plusieurs mesures sont répétées sur les mémeésemiétr exemple les mémes individus ou
les mémes unités d’échantillonnage. Cela peut @recomme une forme de pseudo-
réplication ou le nombre de données ne reflete lpaguantité réelle d’information
indépendante (voiHurlbert 1984. Le nombre de degrés de libertés est alors souven
surévalué, ce qui conduit a des estimations fausseprécises. Il faut alors tenir compte du
fait que les mesures ont été réalisées sur les méntages en incluant un facteur renseignant
I'identité de ces entités. Ce facteur devra éteitéren effet aléatoire lorsque les entités
échantillonnées ne sont qu’un échantillon aléatéré&ensemble des entités qu'il est possible
d’échantillonner dans la population, d’'ou le terfeéfet aléatoire’ Eisenhart 194 Les
entités effectivement échantillonnées ne sont ajohsne partie restreinte d’'un ensemble plus
grand d’entités possibles dans la population. Ifiedsealéatoires mesurent la variabilité dans
la population et doivent donc étre pris en comotgr gorriger I'estimation des effets fixes, et
en particulier leur précision.

Un cas plus compliqué se produit lorsque les résidusont pas structurés par entite,
comme c’est le cas lorsque plusieurs mesures éahgées sur les mémes individus ou sur les
mémes unités géographiques, mais sont structueiea sine composante continue. Les
exemples les plus communs sont des résidus stéscem fonction de I'espace et/ou du
temps, on parle alors d’autocorrélation spatialeuetemporelle résiduellefiffith 1987). Le
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probleme que pose l'autocorrélation d’'une variabldepuis longtemps était mis en évidence
(voir Hooker 190% et a conduit a un développement faramineux daéthodologie a son
égard au cours du siécle dernigtudent <Gosset> 1914/ule 1921; Bartlett 1935, Wold
1938; Von Neumanret al. 1941; Cochrane & Orcutt 1949Moran 1950, Durbin & Watson
1950, 1951, 1971Whittle 1953; Anderson 1954 Geary 1954 Box & Pearce 197QCIiff &

Ord 1972; Cressie & Hawkins 1980a,;Anselin 1988 Haining 1990 Getis 199Q Cressie
1993; Diggle et al. 1998; Cressie & Huang 1999Griffith 2000 ; Diggle 2003, Cressie &
Wikle 2011). La structure des résidus est vraisemblablen@atad la non prise en compte de
certaines variables qui sont elles-mémes strudutéas I'espace et/ ou dans le temps. Mais
cela peut étre aussi di & des paramétres démoguaghide la population tels que la
reproduction et la dispersion des individ&®kal & Oden 1978bLegendre & Fortin 1989
Legendre 1993 Koenig 1999 Lennon 200Q Legendreet al. 2002; Lichsteinet al. 2002;
Guisan & Thuiller 2005 Dormann 2007 Bealeet al. 2010. On peut identifier deux cas
d’autocorrélation des résidus ; le premier ou kEsidus sont plus ressemblants entre eux
gu’ils ne le devraient (autocorrélation positive) le cas ou ils sont plus dissemblant
(autocorrélation négative) (voibokal & Oden 1978a Griffith 1987, 2003, 2006a Le
premier cas conduirait a sous-estimer l'incertitattes que le second a la surestingeniffith
1987; Legendre 1998 La présence d’autocorrélation négative résiéupdiut se manifester
par des phénomeénes de compétition, d’exclusion eueditorialité. Elle est néanmoins
rarement mise en évidence et ne sera donc pasdéodsipar la suite (mais vdriffith
2006b pour plus de détails). Lorsque I'on cherche a rddéiteer la présence/absence ou
'abondance d'une espéce, lutilisation de modetks régressions classiques conduit
frequemment (voir toujours) a la présence d'aut@tation spatiale et/ou temporelle
résiduelle. En effet, il est peu probable que ®ués variables autocorrélées dans I'espace
et/ou dans le temps soient prises en compte dansdele Barry & Elith 2006; Bealeet al.
2010. Par contre, en pratique, tous les jeux de dadiponibles ne permettent pas toujours
de le détecter. En patrticulier, un échantillonnagfisamment important de la zone étudiée
est nécessaire (volregendreet al. 2002; Miller et al. 2007. Par leur nature, les suivis a
large échelle spatiale et/ou temporelle permetsenivent de mieux mettre en valeur ces
structures ; en tenir compte est alors d’autant pécessaire.

Pour tenir compte de ce probléme, il existe un memimportant de méthodes, des
plus simples consistant a corriger le nombre deésede liberté pour aboutir a une inférence
correcte Clifford et al. 1989; Dutilleul et al. 1993, aux plus compliquées consistant a
ajouter un terme spatial et/ou temporel explicitaredele de régression (vdinselin 1988,
Cressie 1993 Diggle et al. 1998; Diggle 2003; Dormannet al. 2007; Bealeet al. 2010;
Cressie & Wikle 2011 Saas & Gosselin 20140n fera en général I'hypotheése que le
processus générant I'autocorrélation résiduellestgionnaire (voiMyers 1989, c'est-a-dire
gu’il a les mémes caractéristiques quelque sofiosdtion dans I'espace et/ou dans le temps.
Parmi les modeles spatialement explicites, on trotma d’abord les modeles dits
autorégressifs ou la valeur de la variable répaseoisinage de I'observation (dans I'espace
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et /ou dans le temps) est aussi utilisée commeaariexplicative laining 1990; Lichstein

et al. 2009. Comme beaucoup d’autres méthodes tenant compte pbleme
d’autocorrélation spatiale et/ou temporelle, ce gateg modéle a d’abord été développé pour
I'analyse des séries temporellégile 1921; Aitken 1935; Champernowne 1948Cochrane

& Orcutt 1949; Durbin 1960 et a ensuite été adapté au domaine spati&lit(le 1954;
Besag 1971 Ce genre de modeéle n’est par contre pas adaptégnalyser des données de
comptages, car ils ne permettent alors pas de medéle I'autocorrélation positivé8é€sag
1974; Cressie 1993 Griffith 2002). Une autre stratégie consiste a utiliser un efféatoire
structuré de maniere a ce que la valeur que pfefidtlaléatoire en un point soit dépendante
des autres valeurs de cet effet aux points prodad®space et/ou du temps (GLMMaird

& Ware 1982, Ware 1985 Liang & Zeger 1986 Cressie & Wikle 2011 Saas & Gosselin
2014). Ce terme permet donc de renseigner les liems &g résidus selon une fonction de la
distance et/ou du temps. Enfin, une autre méthodsiste a décomposer I'espace et/ou le
temps en un ensemble de vecteurs orthogonaweglilttécrivant la relation entre les points a
différentes échelles spatiales et/ou temporellér @oiffith 2002). Cette fois les données de
comptages peuvent étre analysées avec un GLM alessce qui en fait une méthode
attractive pour I'analyse des données de présdrsmaiae ou d’abondance (vdorcard &
Legendre 2002 Griffith 2003; Dray et al. 2006; Griffith & Peres-Neto 2006 Thayn &
Simanis 2013

La surdispersion

Quel que soit le type de suivi de population addpt®données récoltées apparaissent
sous une forme de données de comptage, qu’ellpsenaent que deux valeurs possibles 0/1
dans le cas de la présence/absence ou n’importengombdre entier positif ou nul dans le cas
de I'abondance. Les comptages sont des donnéeagtdis@t nécessitent donc d’étre traités
comme tel (voirBishopet al. 1975; O’'Hara & Kotze 201)D La régression binomiale (par
exemple probit ou logisti@liss 1934; Berkson 1944, 1953, 195%inney 1947 Nerlove &
Press 1973 Nelder & Wedderburn 1972Cox & Snell 1989 et la régression de Poisson
(Haight 1967, Nelder & Wedderburn 1972Fromeet al. 1973; Griffith & Haining 2009
sont les outils usuels pour analyser, respectivenies données de présence/absence et les
données de comptages. Mais ces modéles ont ureératique particuliere puisqu’ils n'ont
gu’un parameétre a estimer : la moyenne. La variasteuant a elle considérée comme étant
une fonction de la moyenne. Dans le cas d’'uneibligion binomiale, Var(y) = tip * (1-p)
ou n est le nombre de répétition de I'expériencenfent n = 1 dans le cas de données de
présence/absence) et ou p est la probabilité dsyprobabilité de présence dans le cas de
données de présence/absence) ; pour une distnligi®oisson, Var(y) = E(y) (vdifinde &
Demétrio 1998 Ces relations entre variance et moyenne troutautt leur sens dans un
contexte théorique ou l'ensemble des processus iabant a la présence/absence ou
I'abondance de I'espéce est bien modélisé et sagurds sans erreurfigher 1941 ;

® ‘The Poisson Series arises when equal samplealee from perfectly homogeneous materiilsher 1941
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William 1982, 1996, Hinde & Demétrio 1998 Boes 201 Mais, comme nous l'avons vu
précédemment, il est illusoire de penser que toldssvariables pouvant affecter ces
processus puissent étre intégrées dans le modélpasce qu’elles sont inconnues, soit parce
gu’elles sont impossibles a mesurer sur le terf@iilliam 1982, 1996 Hinde & Demétrio
1998. Par exemple, un nombre important d’observatdifférents risque de conduire a une
plus forte hétérogénéité dans les données. Sirlabka caractérisant la capacité de détection
des différents observateurs n’est pas renseignéerdadéle de régression, cela conduit alors
a une mauvaise spécification de la variance, laemog restant théoriquement peu affectée
(détection moyenne des observateurs). Si la vagiast supérieure a celle suggérée par le
modele, on parle de surdispersion (V0ox 1983; Hinde & Demétrio 1998 Si au contraire

la variance est inférieure, on parle de sous-dsper En pratique, comme pour
I'autocorrélation résiduelle négative, la sous-disppn se produit plus rarement en écologie
et ne sera donc pas détaillé par la suite (mais Rainoye 1993 Faddy & Bosch 2001
Ridout & Besbeas 200gour des solutions méthodologiquesNeiw et al. 2011; Guillera-
Arroita et al. 2012 pour des exemples d’application).

Il existe de nombreuses solutions pour tenir cordptéa surdispersion (volinde &
Demétrio 1998pour une vue d’ensemble). La plus simple est skmge de modifier la
relation entre moyenne et variance sans pour awgpétifier une nouvelle forme de
distribution, ce qui aboutit a une quasi-vraisembéa (Vedderburn 1974 Il s’agit donc
d’'une extension du modéle de régression et non wbwveau modeéle. Cette méthode se base
sur le fait qu’en I'absence de surdispersion, leiat&e résiduelle (Dévianggy) devrait étre
du méme ordre que le nombre de degrés de libestdueds (ddie9 (Hinde & Demétrio
1998. Une correction intuitive de la relation entreyaone et variance est donc de considérer
que Var(y)' =®Var(y) ou Var(y) est la nouvelle variance du madétd est le parametre de
dispersion tel qué = Déviancges/ ddkes La relation attendue entre ces deux quantites es
ainsi retrouvée en absence de surdipsersion,&'@ise lorsqueb = 1. Ce type de traitement
considére la surdispersion fixe mais d’autres farmkis complexes peuvent étre utilisées
(voir Hinde & Demétrio 1998 Une facon plus aboutie de tenir compte de ldispersion est
d’utiliser un autre modéle de régression que cdassuement utilisés, c'est-a-dire utiliser
cette fois une nouvelle forme de distribution. L@as utilisées sont la régression beta-
binomiale (shii & Hayakawa 196Q Chatfield & Goodhardt 1970 Crowder 1973 et la
régression binomiale négativee@ative binomialNB, Fisher 1941, Chatfield & Goodhardt
1970; Lawless 198). La NB se décline sous de nombreuses formulatdom® une est
particulierement attractive puisqu’elle est danfalaille exponentielle et fait donc partie des
GLMs (voir Hinde & Demetrio 1998 Enfin, une autre méthode pour corriger la
surdispersion consiste a ajouter un effet aléatoiféchelle de I'observation, renseignant le
fait qu'il existe une corrélation entre les obséires dans les données qui n’est pas prise en
compte dans le modélélihde & Demetrio 1998 Considérer une loi normale sur cet effet
conduit au modéle logistique-normdPi¢rce & Sands 1975Willimas 1982; Hinde &
Demetrio 1998 et Poisson-normaHinde 1982. Il s’agit alors de GLMMs qui nécessitent
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soit des temps de calcul trés long pour étre estipar exemple en utilisant I'algorithme EM
(Dempsteret al. 1977 ou par MCMC Gilks et al. 1996 soit l'utilisation d’approximations
de la vraisemblance (voir la partie estimation gE®metres).

L'inflation en zéro : un cas particulier de surdispersion

Lors d’'un comptage, les zéros ont souvent un sgaamticulier qui peut préter a
confusion Ridout et al. 1999. Par exemple, si 'on s’intéresse au nombre dmrettes
gu’une personne quelconque fume pendant une joumeééro peut provenir d’'un fumeur qui
n'a pas fumé de la journée ou d’'un non-fumeur tsti@ans le premier cas, l'information
apportée par le zéro va influer sur le nombre mayercigarettes fumées par jour chez les
fumeurs alors que dans le second cas elle donnéntorenation sur la proportion de non-
fumeurs. Il existe donc deux sous-populations quit snélangées, les fumeurs et les non-
fumeurs, dont une qui ne génere que des zérongiesumeurs). Ne pas tenir compte de
I'existence de ces deux sous-populations conduitnacas particulier de surdispersion,
I'inflation en zéro (voilLambert 1992 Mullahy 1997; Ridoutet al. 1998; Tu 2002; Preisser
et al.2012. Ce phénomene a particulierement été mis en ge@dans le cas de la régression
de Poisson et a conduit au développement de phssimutils pour en tenir compte. Une
maniere intuitive de traiter ce probleme est deasgiples zéros et les comptages strictement
positifs puis d'utiliser deux modeles de régresgilistincts pour chacun des deux types de
données. Un premier modéle va étre utilisé poutetrées données de présence/absence (ou
toutes les données strictement positives sont @éps par 1) et un second va étre utilisé
pour les données de comptages strictement posities type d’approche est appelé
modélisation en deux partiesufdle modelMullahy 1986 two-part modelsHeilbron 1994.

Le modéle ajusté sur les données ayant des vadtticseement positives doit utiliser une
distribution tronquée en zéro pour tenir comptefaiti que la valeur zéro ne peut pas se
produire (voirMullahy 1986; Welshet al. 1996. Ce genre de modeéle a beaucoup été utilisé
en écologie pour modéliser les données d’abondeancelle permet de distinguer de maniere
directe les processus influencant sur la présebsefae et ceux influant sur 'abondance des
organismes\Welshet al. 1996; Martin et al. 2005.

Une autre méthode pour traiter le probleme d’ifdlaten zéro, est de considérer un
mélange de deux modéles au lieu de les modéliparé&@ent. Cela donne lieu aux modeles
dits zéro-enflés (abrégé ZIM par la suite) dontdesion la plus commune est le modéle zéro-
enflé de PoissonPpisson with zeroWzZ, Mullahy 1986; Heilbron 1994; zero-inflated
Poisson ZIP, Lambert 1992 Cette fois le comptage observé est considérémmigtant un
mélange entre un modele de régression de Poissont pgur moyenn@ et un modele de
régression de Bernoulli (Binomial avec m = 1) dorirla probabilité d’absence en exoces
(voir Lambert 1992 Greene 1994 Welshet al. 1996 pour plus de détails). On peut bien sir
aussi modéliser la probabilité de défaut de présgntel que p = 1 ® mais la plupart des
logiciels sont paramétrés pour modéliser la prdbébi’absence en exces, sans doute en
raison du fait que Diane Lambert, qui a apporté fone contribution au développement du
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ZIP, les définit ainsillambert 1992 De plus cette maniére de présenter le ZIP peduet
bien souligner le fait que la seconde partie du rfeoglntéresse aux z€ros qui sont en exces
par rapport a la distribution de Poisson. Si le hmde zéros observé est en adéquation avec
celui attendu par la loi de Poisson, cette secqantte du modele s’annule en donnant une
probabilité d'excés d’absence qui est nulle. Il fapunéciser que les outils corrigeant la
surdispersion, tiennent déja compte d'un nombrezé®s attendus plus important qu’en
utilisant une loi de PoissoiR{doutet al. 1999. Mais ce genre de modele, tel que la NB, ne
corrige pas speécifiguement I'excés de zéros ett meac pas le mieux adapté en présence
d’inflation en zéro. Une combinaison des modelesmné compte de la surdispersion et de
ceux tenant compte de l'inflation en zéro est &mignt utilisable, par exemple en remplacant
la distribution de Poisson par une NB, ce qui dolandistribution binomiale négative zéro-
enflée gero-inflated negative binomjaZINB, Greene 1994 dans le cas des modéles a
mélange.

6) Sélectionner les variables explicatives

Le nombre de variables capables d’influencer lexgssus biologiques est tres grand
mais le nombre de données disponibles est quani #@ujours limité. Il va donc falloir
choisir les variables qui vont étre utilisées damsmodele et ce choix va influencer
I'estimation des parametres du modéle. En pargcutans un modéle de régression, plus le
nombre de variables explicatives utilisées estdjratus I'estimation de la variance de leurs
effets I'est aussiRurnham & Anderson 2002 D’un autre c6té, n’utiliser qu’'un nombre
limité de variables peut conduire a des résult&sdés Sessions & Stevans 2006l faut
donc trouver un compromis entre le nombre de veasah utiliser et la qualité d’ajustement
du modele aux données. On parle souvent de comgrbiais/variance ou du principe de
parcimonie (voir la figure ci-dessous extraiteBlenham & Anderson 2002
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FIGURE 1.3. The principle of parsimony: the conceptual tradeoff between squared bias
(solid line) and variance vs. the number of estimable parameters in the model (K ). All model
selection methods implicitly employ some notion of this tradeoff. The best approximating
model need not occur exactly where the two curves intersect. Full truth or reality is not
attainable with finite samples and usually lies well to the right of the region in which the best
approximating model lies (the tradeoff region). Bias decreases and variance (uncertainty)
increases as the number of parameters in a model increases.

Pré-sélection des variables

La premiére étape consiste a choisir des variatplicatives pertinentes, supposées
influencer la présence/absence ou I'abondance espdte étudiée. Il faut savoir que les
individus d’'une population ne se distribuent pasnuniere aléatoire. lls répondent a des
contraintes qui peuvent leur étre favorables owwd@hbles Klutchinson 1957 Guisan &
Zimmermann 2000 et celles-ci se structurent a plusieurs échedlgastiotemporelles. Par
exemple, chez les animaux, certaines contraintet déterminer la zone géographique que
'espéce peut occuper (aire de répartition), destvont déterminer les domaines vitaux /
territoires occupés par les individus, et encosuties vont déterminer les éléments occupés
au sein de ces domaines vitaux / territoires (Yolinson 1980 Il peut s’agir de contraintes
abiotiques (non liées au vivant), comme la tempéeabu la pluviométrie, qui déterminent la
capacité d’'une espece a accomplir son cycle déPgarson & Dawson 20Q3Sekerciooglu
et al. 2019. Mais il peut aussi s’agir de contraintes biogguliées au vivant) comme la
présence d’'une espece proie ou la compétition-irtranterspécifique Guisan & Thuiller
2005. Enfin, les parametres démographiques vont ajsser un réle majeur sur la
distribution de la population (voRulliam 1988; Baillie et al. 2000).

Pour des raisons de facilité d’acquisition, lesialdes utilisées pour modéliser la
distribution des individus sont la plupart du tendes variables décrivant le clim&garson
& Dawson 2003 Sekercioogluet al. 2012 et/ou I'habitat Guisan & Zimmermann 2000
Néanmoins de plus en plus d’études soulignent tessité de tenir compte d’informations
caractérisant mieux la population étudiée, comme parametres démographiques, ses
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contraintes physiologiques, les interactions bi@gjintra- et interspécifiquesfstin 2002,
2007; Guisan & Thuiller 2005 McGill et al. 2007; Jiménez-Valverdet al. 2008; Kearney

& Porter 2009 Buckleyet al. 2010. Ces dernieres sont néanmoins plus difficilesegurer

et présentent un intérét limité pour les modélésligtifs. En effet, de telles données pourront
difficilement étre connues sur I'ensemble de la zétueliée, ce qui limite leur utilisation pour
prédire aux sites non-échantillonnés. Par exemplaistribution d’'un prédateur est sans
doute trés dépendante de la distribution de see9i@oir la théorie sur distribution libre
idéale,Fretwell & Lucas 196%t celle sur la distribution despotique idéalegtwell 1972.
Mais mesurer la variable ‘quantité de proie disptaiisur I'ensemble de la zone d’étude
nécessiterait d'autres suivis a part entiere.

Le nombre de variables explicatives gqu’il est plolesde mesurer est aujourd’hui en
pleine explosion. En particulier, les récents pésgen imagerie satellite permettent un acces
libre & de nombreuses bases de données donnanfatesations sur les habitats, comme sur
température, I'ensoleillement, la pluviométrie, tigoe de couvert végétal ou encore des
indices de production primaireBifclim, Hijman et al. 2005 www.worldclim.org ;Corine
Land Cover www.eea.europa.eu MODIS vegetation indicesHuete et al. 2002
Ipdaac.usgs.gov). Ces informations sont particeieamt utiles pour les suivis a large échelle
(Kerr & Ostrovsky 200B car la mesure de ces données sur le terrainjusndo suivi de
'espéce d'intérét, demanderait un effort considirgmais voirSinclair et al. 2010 pour
leurs limites).

Les critéres de sélection

Pour sélectionner l'information la plus pertinent®mpte tenu des données
disponibles, de nombreux critéres statistiquesédtdéveloppés (voiBhao 1997%our un
apercu). lls sont pour la plupart basés sur le nde parcimonie (ou Ockham’s razor), qui
veut que I'on ne doit pas complexifier les chosasssnécessité (voiForster 200 En
écologie, le critere le plus utilisé est sans cstetd’Akaike information criterion(AIC,
Akaike 1973, 197/4qui est en fait une approximation de la divergede Kullback-Leibler
(KLD, Kullback & Leibler 195). Cette divergence caractérise la distance ematrerdie
distribution des données (inconnue) et celle meééli(voirBurnham & Anderson 2001
Richards 2008 Philosophiquement, 'AIC ne cherche pas a idemtiun vrai modéle de
dimension (ou complexité) finie et donc ne cherglas a identifier le vrai ensemble de
variables ayant générer les données. Il cherchidtplin modéle de dimension raisonnable,
parcimonieux, permettant de répondre a des qusstopartir de I'ensemble de données
disponibles $tone 1979 Shibata 198l Cette philosophie s’oppose a d’autres criteres d
sélection, qui au contraire supposent I'existenagn dirai modele de dimension finie et
cherchent a 'identifier (voiBhao 199). Ces derniers sont souvent dits consistants ras@e
ils trouvent le vrai modeéle lorsque N +oo si celui existe et est de dimension finie. listson
néanmoins inconsistants si le vrai modele est deewion infinie $tone 1979 Le plus
connu de ces criteres est Bayesian information criterioBIC, Schwarz 1978 qui est
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d’ailleurs souvent directement confronté a I'Al®@ral qu’ils n’ont pas la méme finalité. Les
différences entre I'AIC et le BIC ont bien été résas par Kenneth P. Burnham et David R.
Anderson Anderson & Burnham 1999Burnham & Anderson 20Q04En pratique, une des
principales différences entre AIC et BIC est queplemier (I'AIC) considere que la
dimension du vrai modéle peut étre trés grande at dpe la dimension du modéle a
sélectionner devrait augmenter avec le nombre deébls disponibles. Le second (le BIC)
considere quant a lui qu’il existe un vrai modeleddrension finie et donc que la dimension
du modele a sélectionner devrait étre fixe quelgoié le hombre de données disponibles
(Stone 1979 Anderson & Burnham 1999 Burnham & Anderson 2004 L'utilisation
fréquente de I'AIC en écologie n’est pas sans #eec ses propriétés. En effet, le nombre de
variables capable d'influencer la présence/absend&abondance d’'une espéce est peut étre
bien infini Burnham & Anderson 2002 L’AIC permet alors de choisir la complexité de
modéle en accord avec le nombre de données disesnib

L’AIC et le BIC se décomposent tout deux en undi@avaluation de I'ajustement
aux données (par exemple la déviance : -2 * logsgrablance) et une partie « pénalité »
proportionnelle a la complexité du modele. Seulpdnalité change entre ces deux critéres et
vaut 2 * k pour I'AIC alors qu’elle vautog(n) * k pour le BIC ouk est le nombre ne
parametres du modele etest le nombre de données disponibles (@#orge 200D De
maniéere intuitive, on sent bien que I'AIC va avt@ndance a complexifier le modéle lorsque
n augmente. La plupart des autres criteres dets@¥lesxistants sont souvent soit équivalents
a 'AIC comme leMallow’s Cp (Mallow 1973, le leave-one-ou{LOO, Allen 1974; Stone
1974; Stone 197), le Sp (Breiman & Freedman 1983soit équivalents au BIC comme un
cas particulier dé-fold cross-validationk-fold CV, Geisser 197% Shao 199y ou un cas
particulier du nmimum description lengttMDL, Rissanen 1978Hansen & Yu 1999, 2001
Il existe aussi des critéres n’utilisant pas uneapt fixe comme Idinal prediction error
(FPE, Shibata 198 la forme générale du MDIH@nsen & Yu 199§ la forme générale du
k-fold CV (voir Shao 1993, 19970u le generalized information criterioiGICy), Nishii
1984; Rao & Wu 198%. Ainsi ces derniers peuvent étre vus comme degyéaéraux de la
plupart des autres criteres de sélection. Par exe#C est un cas particulier du Gl Si
a(n) = 2 et le BIC en est un si a(n) = log(n) (\@&irao 199Y.

Tenir compte de l'incertitude lors de la sélection ds variables

Lors de la sélection des variables, il arrive frégoent que plusieurs modeéles
candidats aient des performances similaires. |akss imprudent de dire que le modele qui
minimise le critere de sélection considéré est bidni recherché. En effet, un autre modeéle
pourrait trés bien étre sélectionné en présenae alire échantillon de donnédési(nham &
Anderson 200R Ce probleme peut étre relié au fait que le méstentillon est utilisé a la
fois pour la sélection des variables et pour lreation (Miller 1984). Ne considérer que le
meilleur modele (celui minimisant le critére) pdimférence néglige I'incertitude présente
lors de I'étape de sélection de variables, ce qut penduire a une inférence trop précise
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(Miller 1984 ; Hoeting 1999 et donc a de fausses conclusions. Il est alossiple d’utiliser
plusieurs modéles pour I'inférence et la prédictiolest lemodel averagingpu multi-model
inferencé (voir Hoeting 1999 Burnham & Anderson 2002Richards 2008 Richardset al.
2017). Pour cela, il suffit d’attribuer des poids a chla des modéles en compétition. Ainsi
I'estimation des parameétres sera la moyenne poeddeé estimations des paramétres de
chacun des modeles (vddurnham & Anderson 2002 p.151-)5Notons néanmoins que
'avantage de ce type d’approche, par rapport @wdfatiliser seulement le meilleur modéle,
est controversé (voRichardset al.2011).

L’incertitude liée a I'étape de sélection des Malea peut aussi étre traitée en utilisant
des méthodes de régularisation ou l'inférence aséd sur une vraisemblance pénalisée par la
valeur des parametrégs (voir Fu 1998. Dans ce cas, toutes les variables candidates son
utilisées au sein d’'un méme modele, mais les ayeffis sont réduits par la pénalité de sorte
gu’'ils prennent plutdt des valeurs proches de ZRidge,Hoerl & Kennard 1970a, 197Pb
voir exactement zéro (Bridgésranck & Friedman 1993 Garotte, Breiman 1995 Lasso,
Tibshirani 199%. Par simulation, Tibshirara montré que la régression du type Ridge est la
mieux adaptée en présence d’'un grand nombre dablesiayant chacune un petit effet alors
que celle du type Lasso est plus adaptée en pestunt nombre modéré de variables ayant
des effets plus ou moins forts. La sélection d'anssensemble de variables (comme illustré
dans la section précédente) reste la méthode lapgitisrmante en présence d’'un nombre
faible de variables ayant des effets forfgghirani 199%. Du fait de sa pénalité, le Lasso
permet de combiner a la fois la sélection des bbataet I'estimation des parametres, ce qui
en fait une méthode avantageuse. Une autre méttedegularisation a récemment été
proposée et combine les pénalités Ridge et LakBtastic nef (Zou & Hastie 2005 Cette
derniere est particulierement intéressante lordgueombre de variables est supérieur au
nombre de données et/ou lorsque les variablegrsntolinéaires.

7) Objectifs de la these

Tenir compte de maniére simultanée de ces problémes

L'introduction qui précede montre a I'évidence giéterminer la distribution, 'abondance et
les tendances d’'une population n’est pas chose,aiagt du point du vue de la récolte des
données que de leur analyse. Il apparait en paetiaye I'étape de modélisation se heurte a
de nombreux problemes d’ordre statistique. Bienl gxiste d’'ores et déja un large panel de
méthodes disponibles pour résoudre ces problémassq# actuellement comprises par les
écologues. Lepremier objectif de cette thése est dexplorer les possibilitéertdé
actuellement, afin de promouvoir leur utilisatiarpegs des écologues mais aussi de montrer

® Alan J. Miller avait déja mentionné I'idée de cioléser un nombre important d’ensemble de variables
différents afin d’évaluer le biais lors de I'estitioa du modéle final (voiMiller 1984).

"“Itis like a stretchable fishing net that retaimdl the big fish’” (Zou & Hastie 2005
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leurs limites. Par ailleurs, les différents probé&nstatistiques rencontrés, que se soit la non-
indépendance des résidus, la présence de surdispens encore l'inflation en zéro, sont
traités séparément. Pourtant ils sont la plupartesops rencontrés conjointement lors de
I'analyse des données et des liens d’ordre biol@gieflou statistique peuvent exister entre
eux. Ainsi la présence d’autocorrélation dans é&ssdus génére de la surdispersi@miffith
2006a; Griffith & Haining 2006; Haining et al. 2009 mais corriger la surdispersion ne
permet pas pour autant de corriger l'autocorréfaties résidus. Leeuxieme objectif de
cette these est de présenter des travaux combesadifférentes méthodes existantes au sein
d’'une méme approche afin de tenir compte simultaméndes différents problemes
rencontrés. Enfin, certaines lacunes méthodologiauéritent encore d’étre comblées. C'est
particulierement le cas pour I'étape de sélection dariables explicatives en présence
d’autocorrélation et de surdispersion. treisieme objectif de thése est de présenter une
solution pour la sélection des variables expliegivans un tel cas. Tout au long de ce
manuscrit, un intérét particulier sera porté a euwn ge données traitant de I'abondance des
rapaces en France. Celui-ci a été choisi dans ledbutendre plus concrets les aspects
méthodologiques discutés mais aussi pour parti@pkameélioration des connaissances sur
ces especes a fort intérét patrimonial en France.

Plan de these

Le premier chapitre de cette these va se focasisede probleme d’autocorrélation
spatiale et montrer les conséquences que celaapeutsur les estimations d’abondance. |l
souligne par ailleurs I'importance de I'étape déect#on de variable dans le processus de
modélisation et en particulier 'utilisation d’unitére de sélection qui prend en compte la
présence d'autocorrélation spatiale résiduelle.

Le second chapitre va quant a lui s’intéresser ghésifiguement a ce dernier point. Il
propose en particulier la généralisation et I'éatibn de la méthode de sélection de variables
utilisée dans le premier chapitre.

Le troisieme chapitre s’intéresse a la génératinatie cette méthode de sélection de
variables dans le cadre de données de comptage awndlele de régression de Poisson
présente de la surdispersion. La question soust@@st alors de savoir si des modifications
sont nécessaires pour utiliser la méthode dan®ldecaés de figure et si oui, quelles sont-
elles ?

Un autre aspect important, ignoré dans les troemmpars chapitres, concerne la
présence d’inflation en zéro et la maniére dedaer. C’est I'objet du quatrieme chapitre qui
propose d’aborder cette question par simulatiors’ariéressant plus particulierement aux
performances des modeles a mélange. Cette foigréihconcerne autant la sélection des
variables que l'estimation des parametres. Par isdacsimplicité, le cas des résidus
autocorrélés ne sera pas abordé dans ce quatrigapére. Son objectif est de donner des
pistes sur quand et comment utiliser ces modéleserélés en écologie.
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Enfin, le dernier chapitre propose I'application @ méthodes a un jeu de données
sur 'abondance des rapaces en France. L'idée ieségfer ces méthodes dans une approche
plus générale de modélisation ne concernant pdsmsent I'étape de sélection de variable ou
le choix de modéle a utiliser mais allant jusqué&crite de maniere précise la distribution,
I'effectif et les tendances des populations degcapa&n France.
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CHAPITRE 1 : INTRODUCTION AUX PROBLEMES LIES A
L' AUTOCORRELATION SPATIALE ET IMPLICATIONS POUR
LA CONSERVATION

Ce premier chapitre de thése a pour but d’intredler probléme d’autocorrélation
spatiale résiduelle et de montrer I'importance dienir compte pour tirer des conclusions
valides. L’'article présenté ci-apres a fait I'oljatine publication dans le journal international
Ecological Informatics
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Abstract

Planning actions for species conservation involesking at both an ecologically
meaningful spatial scale and a scale suitablerffigpiementing management or conservation
plans. Animal populations and conservation polic#sn operate across wide areas. Large-
extent spatial datasets are thus often used, but @halyses rarely deal with problems
inherent to spatial datasets such as residualasgattocorrelation, which can bias or even
reverse results. Here we propose a procedure fdysamg a large-scale count dataset
integrating residual spatial autocorrelation in an€ralized Linear Model framework by
combining and extending previously published meghddhe first step concerns the selection
of the environmental variables by a modified creakdation procedure allowing for residual
spatial autocorrelation. Then the second step stmsi evaluating the spatial effect of the
model using a spatial filtering approach basedhmnvariogram parameters. We apply this
method to the Black KiteMilvus migran$ to estimate the distribution and population site
this species in France. We found some divergencestimated population size between
spatial and non spatial models, as well as in tl&iblution map. We also found that the
uncertainty of the model was underestimated byr#sdual spatial autocorrelation. Our
analysis confirms previous results, that residyadtial autocorrelation should be always
accounted for, especially in conservation whereefaksults may lead to poor management
decisions.

Keywords: GLM; Population size; Residual spatial autocorrelgtSpatial cross-validation;
Spatial filtering; Species distribution.

Abbreviations

The following abbreviations are used in this paper:
AIC : Akaikel nformationCriterion

GLM : Generalized_inearModel

PCA: Principal ComponentAnalysis

RMSEP: Root M eanSquaredError of Prediction
RSA: ResidualSpatial Autocorrelation

31



Introduction

Animal populations and conservation policies oftgerate across wide areas. Large-
extent spatial datasetSdcheineret al. 2000 can therefore be extremely valuable to determine
population parameters for conservation purposgstlee geographical distribution of species,
its population size or trends. However, the stafstanalyses used often ignore issues that
may bias conclusions. In particular, they rarelgldeith inference problems inherent from
spatial datasets such as residual spatial autdatiore (hereafter RSA), which may actually
reverse observed patteri&§ign 2007.

Spatial autocorrelation arises when the measure \adriable of interest in multiple
sample units are not independent of each otkeiffith 1987), which often occurs in
ecological data. Such spatial patterns are us@alptained by environmental features (e.g.
climatic variables or habitat structure) that dnentselves spatially structured. Therefore,
including all environmental variables that are &gt structured may be sufficient to remove
RSA of a regression modeDihiz-Filho et al. 2003. However, it is often impossible to
measure all spatially structured variables: fortanse, variables accounting for social
behaviour or for the availability of food resourcese very difficult to measure and often
missing in the dataset. In such cases, the inclusfaall available variables does not fully
remove RSA and thus the important assumption ofpeddence of residuals is violated (see
Dormannet al. 2007%. It is well known that this problem mostly affedhe uncertainty of
statistical modelsLegendre 1993Legendreet al. 2002, i.e. the confidence interval around
the regression coefficients, which is commonly mead by the standard error. A positive
RSA, i.e. closer locations having more similar desis values than others, tends to
underestimate the true standard errors of parasetehich leads to an over-precise
estimation of the regression coefficients. In tthis can lead to an erroneously low p-value,
wrong R? and wrong likelihoodLégendre 1993 Legendreet al. 2002 Lennon, 2000
Hoetinget al. 2009.

RSA raises two mains concerns. The first relates¢olel selection, since classical
criterion such as Akaike Information Criterion (b&fter AIC) are biased in presence of RSA
(seeCassemircet al. 2007; Diniz-Filho et al. 2008; Hoetinget al. 2009. The most common
strategy to overcome this problem involves corregfirst the RSA by considering a spatially
explicit model and then, using a classical critersuch as AIC. However, accounting for
RSA for all biologically pertinent candidate modelan be extremely time consuming,
especially if the number of candidate models ishhi{gee Craig et al. 2007). As a
consequence, AIC is often used without accountorgRISA (see for examplgihn et al.
2009. Kissling & Carl (2008)proposed several strategies to choose the spatiatige that
should be added to the model in order to correcRBA, but they did not provide solutions
for the selection of variables. The second concelates to the model estimation since model
parameters are not estimated correcidprtnann 2007 Kihn 2007 Keitt et al. 2002. To
overcome this problem, some tools were made aveiltdr Generalized Linear Models
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(hereafter GLMs) (se®ormannet al. 2007 Carl & Kihn 2010. Among these, the spatial
filtering techniques are recognized as one of thestnefficient, both practically and
theoretically Dormannet al. 2007 Diniz-Filho et al. 2009. Spatial filtering consists in using
a weighted distance matrix to address the isSUBRSA, by adding several spatial filters
(eigenvectors) to a GLM (sd@iniz-Filho & Beni. 200% Dray et al. 2006 Getis & Griffith
2002 Griffith 2000). However, there is evidence that the choice ofvtkgght matrix highly
influences the set of spatial filters and thus thedel Patuelliet al. 2009. In addition,
although there are several possibilities for definihe weight matrix (se€etis & Aldstadt
2004 Tiefelsdorfet al. 1999, it remains mainly based on basic functions @& thistance
(binary, linear, quadratic) which may not alwaytis$g the complexity of the residual spatial
structure underlined in the ecological processes.

In this paper, our aim is to provide a guideling falysing spatial datasets
integrating RSA within a GLM framework, by extengidifferent methods within the same
framework. As a first step, we deal with model siets, by using a cross-validation
approach. In order to overcome the problem of R$#&e selection step, we use a threshold
distance between the training and the validatias teensure that they are fully independent.
The second step consists in accounting for the BSihe selected model. We use a spatial
filtering technique, where the weighted matrix ha@en modified in order to directly use the
shape of the variogram to calculate the eigenvectdie then apply this approach on a real
case study and compare results of the spatial angpeatial models. As a practical example,
we used a French national dataset collated forBlaek kite Milvus migran$, a diurnal
raptor. A particular emphasis was given to thenestiion of species distribution and its
population size, which are major issues in managéwrmed conservation plans.

1) Material and methods

1.1 Survey and datasets

A national survey aiming to estimate the distridmtand population size of all diurnal
raptors was undertaken between 2000 and 2002 anotimd 1,600 volunteers. For this study,
we used a subset of the available data, consistiB§3 sampling units in France (déigure
1) with known searching effort. Sampling protocolnsisted in counting the number of
breeding pairs of diurnal raptors on 25-km? quad(&tx 5 km; sed&hiollay & Bretagnolle
2004 for details). The time spent on each quadrat wesrded by observers. Each quadrat
was also described using environmental variables fa climatic datasetH{jmans et al.
2005 Bioclim, www.worldclim.org/bioclin) and a land cover dataset (CLC: Corine Land
Cover,www.eea.europa.eu). The climatic dataset consist&@ variables measured between
1960 and 1990, which provided robust estimates efsures such as average temperature,
rainfall, temperature variation and rainfall vaioat at a resolution of approximately 1-km.
The land cover dataset had 44 variables giving lesedin 2000 on a 1-hectar cell. From these
44 classes, 9 habitat hyper-classes were built aidonctional (ecological) point of view for
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raptors (sedable Alin Appendix A). The percentage of coverage per 25-km? quadrat wa
calculated for each of these habitat hyper-clagsigg correlations occurred between several
environmental variables, which cause matrix in@rgiroblems (null determinant). In order
to overcome multicollinearity, a Principal ComponeAnhalysis (hereafter PCA) was
performed separately on each dataset (climate amdl use) and principal components were
used as environmental variables. The label “ClimRimwvas used to nominate the'x
principal component from the climate dataset andahel “ClcDim.x” was used in the same
way for the land cover dataset.

*es  as
*tee suge
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- ey .:000000..
e o4 *essnny
ot LA LT

Figure 1: Map of the 683 locations (25-km? quadrajsused for analyses. Each location is representeq la
black point.

1.2 Model selection by spatial cross-validation

Model selection consisted in a comparison of camdidnodels in order to select
which predicted best the observed data. As the epumibenvironmental variables k was high
(19 climatic and 9 habitat variables), the numbiecamdidate model became oversizaf).(
So a stepwise procedure was used to reduce congoutahe Efroymson 1960Hocking
1976. The stepwise process was implemented in twosstist, environmental variables
with linear effects were selected and then, quadrarms and interactions. A Poisson
distribution was assumed for the number of bree@aigs per quadrat, considering that there
was no additional overdispersion, other than thi&t t spatial autocorrelation (s@eiffith &
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Haining 2006 Haining et al. 2009 for details about the relationship between oveetision
and RSA). The time spent per quadrat was inclugezhaoffset.

The error of prediction was considered as a seledriterion because the aim of this
model was to predict at unsampled points. ErrompEdiction was calculated by cross-
validation @Allen 1974 Geisser 1975Stone 1974 a widely used technique for model
selection and model validation involving many diffiet splittings (sedrlot & Celisse 2010
for a recent overview of the cross validation prhaes for model selection). Here, leave-one-
out cross-validation was used, consisting in degetine observation (the validation set) and
use all the others as training dataset, i.e. ionatt model parameters. An overall prediction
error can then be calculated using the Root Meamai®gError of Prediction (hereafter
RMSEP), se&q. 1

RMSEP= \/E{i[yi - %]2} (Eq. 9

In Eqg. 1, nis the sample size (humber of quadrats) the deleted observation (the validation
set) andy; is the predicted abundance at this location upargmeters estimated from all the
others (the training set). When using cross vabdat critical prerequisite is that the training
set and the validation set must be independens, dependent model residuals may bias the
error of prediction Altman 1990) Several possible alternatives have been proposeairect
the cross-validation procedures (in context of noapetric regression, sé€ghu & Marron,
1991 Burmanet al. 1994. We extended the "Modified Cross ValidatiorCHu & Marron
1991) to a spatial context by using a threshold distabetveen the validation and the
training dataset, guaranteeing these datasets spdtelly independent. This threshold was
chosen as the value of the range of the variognarthe residuals from the model including
all covariates (125 km in our case). This repre=tthe spatial autocorrelation that could not
be accounted for by our environmental variable® (Sgure 3. Deviance residuals were
chosen because Pearson residuals had some extaé&me, which could affect the variogram
qguality (Cressie & Hawkins 1980a)lThe selected model was labeled non-spatial model
because it did not incorporate an explicit spatiahponent, unlike the model below.
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Figure 2: One example of the Modified Leave-One-Outross Validation applied in a spatial context with
a threshold distance of 125 km. The heavy black pati is the point which was left out of the model and
where the error of prediction was calculated. Greypoints were also excluded due to the residual spati
autocorrelation. Others black points were used inHe training data set. This procedure was used
iteratively for each observation in order to calcuate an overall prediction error.

1.3 Accounting for residual spatial autocorrelation

The spatial structure of residuals can be easibluated using a correlogram or a
variogram, both based on a measure of the covaribetween observations according to the
distance between them. A variogram was estimatéuyube residuals of the previously
selected model, i.e. the non-spatial model Bgare 3. We then used an approach based on
spatial filters (sed®iniz-Filho et al. 2005 Dray et al. 2006 Getis & Griffith 2002 Griffith
2000and see als@riffith 2006a, 2002for developments with Poisson regressions, aant
data) with a modification of the weight matrix. Tiveight matrixWW was defined through the
shape of the variogram (as testedGatis & Aldstadt, 2004 constructed from the deviance
residuals of the non-spatial model ($eégure 33. As in Getis & Griffith (2002) the diagonal
of the matrix W is composed of zeros, which enables the estimaifothe relationship
between observations, assuming the relationship thié observation itself is zero (see also
Drayet al.2009. Other values matched with the). 2

f(d) =1—{V(Si”’:|‘|”93 d)} (Eq. 2
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In Eg. 2 sill and range are parameters of the variogramh,is the distance between
observations ang is the exponential variogram function. This equatcould be interpreted
as the degree of connectivity between two obsematand was defined between 0, i.e. no
connectivity and 1, i.e. maximal connectivity. Thegget effect did not appear in this
equation because we expected fHd) ~ 1whend ~ Q

Eigenvectors were then extracted from ¢h&l'/n) W (I-11'/n) matrix transformation
(seeGetis & Griffith 2003, wheren is the number of observatiorisis then by n identity
matrix, 1 is a n by 1 vector of ones amWil is the weight matrix. The Moran’s | was also
calculated for each eigenvector and only thosengapositive values were retained. This rule
led to selecting eigenvectors having only positsgatial autocorrelationriffith 2003).
Kissling & Carl (2008)recommended that the selection of the spatial teenbased on a
metric of RSA as well as a metric of fit. Therefotlee set of candidate eigenvectors were
included linearly in the selected GLM by two stepevprocedures. The first one minimized
the RSA, i.e the sill of the variogram. Relevargesivectors were added until sill = 0, which
indicated a totally “flat” theoretical variogram.e®nd, unnecessary eigenvectors were
removed by minimizing the AIC. This model was ladzkspatial model.

1.4 Distribution and population size

The non spatial and the spatial models were cordpart regard to their ability to
predict the distribution and the population sizeBtdck kites. Predictions were made over a
grid of France constituted by 22500 cells of 25 kisihg a partial regression (Seegendre &
Legendre 19980n environmental variables (climatic and habiwtrluding eigenvectors.
Thus the non spatial and the spatial model refi@dprediction, on the same environmental
variables. However in the non spatial model, RSA wat taken into account whereas it was
in the spatial model. Population size and its aerice interval were calculated by running
10,000 Monte Carlo simulations of the sum of abuedgpredicted at the 22500 cells, i.e., the
total abundance expected. At each simulation, theevaf each parameter was set randomly,
by considering a normal distribution with the memual to the regression coefficient, and the
standard deviation equal to the standard errors phocess allowed the full range of model
parameters to be considered.

All analyses were performed using the R softwaresiva 2.13.0 R Development
Core Team 2011, www.R-project.grg

37



2) Results
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Figure 3: Variogram of the deviance residuals of th non-spatial model (a) and the spatial model (b).

The value of RMSEP for the null model, i.e. the mlaghly including a constant and
the offset, was 3.30. The value of RMSEP for tHected model Table 1 was 3.00, with a
total of 11 parameters associated to environméeddlires (7 linear terms, 3 quadratics terms
and 1 interaction). Thus selected environmentahbées reduced the RMSEP by about 9 %.
The RSA was fully removed by adding 42 eigenvectorthe non-spatial model (séggure
3). As a consequence, the estimation of the modenpaters from the non-spatial and the
spatial model were not the same ($able ).

Table 1: The coefficients (Coef), standard errorsStdE), t-value (t) and p-value (p) for the non spaal and

spatial models.

Non-spatial model Spatial Model
Label Coef | StdE t p Coef | StdE t p
Intercept -3.48) 0.06 -54.66 <1.10°** | -4.10| 0.12 | -34.95| <1.10°°’
ClimDim.2 0.12] 0.05| 259| 0.010 |-0.68|0.11| -6.35| <1.10%
ClimDim.3 1.24 | 0.08] 14.84 <1.10° | 1.91] 0.13| 14.70| <1.10%
ClimDim.32 -0.69| 0.07] -10.21 <1.10** |-0.67| 0.11| -6.17 | <1.10%°
ClimDim.6 0.05| 0.04] 1.45 0.148 -0.26 0.04 -6.18<1.10%
ClimDim.62 0.12| 0.03] 4.43] <1.10® |-0.06| 0.04] -1.60 0.111
ClimDim.11 0.31| 0.04 753 <1.10® | 0.02 ] 0.06| 0.38 0.705
ClcDim.1 -0.48| 0.05 -10.03 <1.10** | -0.32| 0.06| -5.16 | <1.10%
ClcDim.12 -0.59| 0.05| -11.58 <1.10°' |-0.46] 0.06| -7.37| <1.10%
ClcDim.4 0.19| 0.05 4.05| <1.10“ | 0.24| 0.06] 4.13| <1.10%
ClcDim.6 0.15| 0.04 4.16| <1.10“ | 0.11| 0.04| 3.04 0.002
ClcDim.1:ClimDim.6| -0.15| 0.04 -3.62] <1.10°® |-0.27| 0.05| -5.34| <1.10%
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Figure 4: Predicted distribution of the Black kite (in number of pairs per 25 km?2) using the non-spaél
model (a) and the spatial model (b).

Distribution maps built from the non spatial ancatsd model were also different,
with a lower predicted abundance of Black kitesvastern of France using the spatial model
compared to the non-spatial model ($e8gure 4. Estimation of population size was also
different using the non-spatial and the spatial rm¢skeeFigure 5. The average population
size prediction using the non-spatial model wad 3&5,(95% confidence interval 28,780 -
45,683) breeding pairs of Black kite in France, s using the spatial model it was 32,133
pairs (21,426 - 47,072).

43 107° 7:10°  10%107°
1 L

density of probability
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Total abundance estimate

Figure 5: Predicted population size and confidencmterval using the non-spatial model (in grey) andhe
spatial model (in black). The two curves are obtaiaed by dividing the 10,000 Monte Carlo simulationsni
100 breaks points and calculating the density of bability for each break point. A cubic smoothing
spline was then used (with 15 equivalent degree fséedom) in order to make the figure clearer.
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3) Discussion

Differences in coefficients estimation were founetvieen the spatial or the non-
spatial model (se@able 1), with some coefficients even changing sign (sésm@im2 and
ClimDim.6). The latter reflects a possible invefgeof the data when the RSA was not
accounted for, a pattern previously observed (séen 2007. Other coefficients showed
moderate to rather large reduction of there sieiseffect (see coefficients and standard
errors inTable .

The selection of eigenvectors by a two step proeedinimizing both RSA and AIC
(a strategy first suggested Wissling & Carl 2008 seems promising. The first step
(minimizing the RSA), led to select 49 eigenvectavkile the second step (minimizing AIC)
allowed the removal of 7 eigenvectors without intparon the RSA. We also recommend
checking for collinearity between the selected emmental variables and the selected
eigenvectors, which could artificially increase g8tandard error of the regression parameters
(see Freckleton 200R Here the correlation matrix between the envirental variables
showed only a slight correlation (correlation caréint never above 0.5, s@able Clin the
Appendix Q. These correlations were lower than the criticalue of 0.7 proposed by
Dormannet al. (2012)

The PCA approach was used to overcome a problemutiicollinearity between the
environmental variables. However, there is a costusing PCA, since it raises some
difficulties in understanding model coefficientsrin an ecological point of view. In order to
check that selected PCA axes are biologically eelevone must interpret these axes. In our
case, the axe ClcDim.1 represented mainly a natwealient (se€&igure Blin Appendix B
where positive values indicated a high percentagerest in the quadrat and negative values
indicated a high percentage of intensive farming. o forest). The ClcDim.1 effect in the
model resulted from a linear effect (-0.32, $able ) as well as a quadratic effect (-0.46, see
Table 1), the latter indicating that this effect was stgenin quadrats dominated by forest.
ClcDim.4 mostly represented wetlands (Ségure Blin Appendix B where positive values
indicated a high percentage of wetlands. The adefft of ClcDim.4 was 0.24 (s@&able J),
underlying strong preference of the Black kite igatland habitats. These two aspects of the
landscape fit well with previous knowledge for tlsjgecies: Black kites avoid large forests,
and prefer anthropic environments (agriculturatd®nand wetlandsThiollay & Bretagnolle,
2009). Therefore, despite interpretation problems, wkele that in our case, the advantages
to use PCA outweighed the disadvantages, sinceamarwas first to provide unbiased
parameters estimation in order to predict populatistribution and size.

The selection of these PCA axes was done usin@\gedene-out cross-validation,
which is known to be asymptotically equivalent ttCAStone 197Y, but allows dealing with
RSA using a threshold distance between the subldetsever, as cross validation criterion,
we used the RMSEP as it is used in linear modelswithout accounting for the fact that we
used a Poisson distribution. This means that tiseegual penalization between an observed
abundance of 0 and a predicted one of 1, and aenadas abundance of 50 and a predicted
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one of 51, whereas mean equal variance on a Podkstribbution, i.e. high count have more
variation. Thus high errors of prediction have mprebability to occur on high counts. Thus
a better or refined RMSEP should be found, for gdanusing a logarithmic scale, which
would select better predictors than those found.her

Moreover, we did not account for overdispersiomum analysis, whereas the analysis
of count data often presents overdispersion. Thace was made because there is a strong
link between RSA and overdispersion since RSA gdasroverdispersion (ségiffith &
Haining 2006 Haining et al. 2009. Here we were interested into the effects of R&Ad
therefore we have fixed overdispersion, consideritigt there was no additional
overdispersion than the one due to RSA. We haveshemchecked the overdispersion in the
final spatial model, which turned to be about U8#s using the Pearson Chi Square statistic
(the Poisson distribution fixes it to 1). For compan, the non spatial model had an
overdispersion of 9.99 units, which clearly showattaccounting for RSA also reduces
overdispersion. However, since some overdispersgomains in the spatial model, further
improvement seems necessary, e.g. by consideriQgasi-Poisson distribution in the final
spatial model.

Conclusions

Predicted distribution and population size of tHack kite between the non-spatial
and the spatial model were similar, but there wase substantial differences. The spatial
model predicted lower abundance in western Franogpared to the non spatial model (see
Figure 4, and hence a lower population size than the @paibdel (seéigure 5. The model
uncertainty was also larger for the spatial modahtfor the non-spatial model (s€able 1,
which was expected, but may strongly impact modebigtions (see~igure 5. Thus in
addition to give misleading distribution maps of @ps, RSA also gave a false feeling of
precise predictions, whica priori may suggest this model shows a better fit of tha.da
terms of conservation applications, a poorly predicnap of abundance may have serious
consequences: in our case, not accounting for R®Aldvlead to the interpretation that
western and eastern of France are equal importahtsaitable breeding habitat for Black
kites, whereas in fact eastern France is the maen@f breeding for this species.
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Appendix A

Table Al: The nine habitat hyper-classes used in o@nalyses and the Corine Land Cover initial
classification. One row corresponds to one initiaCorine Land Cover class, which is defined by three

distinct labels.

44 Corine Land Cover nome

nclatures

Label 1

Label 2

Label 3

9 Habitat
hyper-classes

Artificial surfaces

Urban fabric

Continuous urban fabric

Anthropic areas

Artificial surfaces

Urban fabric

Discontinuous urban fabric

Anthropic areas

Artificial surfaces

Industrial, commercial and transport units

Industrial or commercial units

Anthropic areas

Artificial surfaces

Industrial, commercial and transport units

Road and rail networks and associated
land

Anthropic areas

Artificial surfaces Industrial, commercial and transport units| Port areas Anthropic areas
Artificial surfaces Industrial, commercial and transport units| Airports Anthropic areas
Artificial surfaces Mine, dumps, and construction sites Mineral extraction sites Anthropic areas
Artificial surfaces Mine, dumps, and construction sites Dump sites Anthropic areas

Artificial surfaces

Mine, dumps, and construction sites

Construction sites

Anthropic areas

Artificial surfaces

Artificial, non-agricultural vegetated areas|

Green urban areas

Anthropic areas

Artificial surfaces

Artificial, non-agricultural vegetated areas

Sport and leisure facilities

Anthropic areas

Agricultural areas Arable land Non-irrigated aralaled Intensive agriculture
Agricultural areas Arable land Permanently irrighlend Intensive agriculture
Agricultural areas Arable land Rice fields Interesagriculture
Agricultural areas Permanent crops Vineyards Permanent agriculture
Agricultural areas Permanent crops Fruit trees and berry plantations Permanent agriculture
Agricultural areas Permanent crops Olive groves Permanent agriculture
Agricultural areas Pastures Pastures Extensiveirfigrm

Forest and semi-natural are

¥ SScrub and/or herbaceous vegetation
associations

Natural grasslands

Extensive farming

. n Annual crops associated with permane; Heterogeneous
Agricultural areas Heterogeneous agricultural areas .
crops agriculture
) . - Heterogeneous
Agricultural areas Heterogeneous agricultural areas Complex cultivation patterns agricult%re
Land principally occupied b
. ’ [el[p pally occup Y Heterogeneous
Agricultural areas Heterogeneous agricultural areas agriculture, with significant areas of agriculture

natural vegetation

Agricultural areas

Heterogeneous agricultural areas

Agro-forestry areas

Forest areas

Forest and semi-natural are

ns  Forests

Broad-|davests

Forest areas

Forest and semi-natural are

as  Forests

Conifergastfo

Forest areas

Forest and semi-natural are

ns  Forests

Mixed forest

Forest areas

Forest and semi-natural areg
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associations

Moors and heathland

Transitional areas

Forest and semi-natural are
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Forest and semi-natural are
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Transitional woodland-shrub

Transitional areas

Forest and semi-natural areas  Open spaces wighditho vegetation Beaches, dunes, sands Opes area
Forest and semi-natural areas  Open spaces wighditho vegetation Bare rocks Open areas
Forest and semi-natural areas  Open spaces wighditho vegetation Sparsely vegetated areas QOpes a
Forest and semi-natural areas  Open spaces wighditho vegetation Burnt areas Open areas
Forest and semi-natural areas  Open spaces wighditho vegetation Glaciers and perpetual snow nGpeas
Wetlands Inland wetlands Inland marshes Wetlands
Wetlands Inland wetlands Peat bogs Wetlands
Wetlands Maritime wetlands Salt marshes Wetlands
Wetlands Maritime wetlands Salines Wetlands
Wetlands Maritime wetlands Intertidal flats Wetlands
Water bodies Inland waters Water courses Wetlands
Water bodies Inland waters Water bodies Wetlands
Water bodies Maritime waters Coastal lagoons Wetlands
Water bodies Maritime waters Estuaries Wetlands
Water bodies Maritime waters Sea and ocean Not used
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Appendix B
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Figure B1: Correlation circle of ClcDim.1 and ClcDim.4 principal components

1: Anthropic areas 6: Forest areas

2: Intensive agriculture 7: Transitional areas
3: Permanent agriculture 8: Open areas

4: Extensive farming 9: Wetlands

5: Heterogeneous agriculture
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Appendix C

Table C1: Correlation matrix between environmentalvariables (columns) and eigenvectors (rows).

Eigenvectors ClimDim.2 | ClimDim.3 | ClimDim.6 | ClimDim.11 | ClcDim.1 ClcDim.4 ClcDim.6
El 0.50 0.27 -0.14 -0.14 -0.15 -0.03 0.10
E3 0.18 -0.26 -0.06 0.17 -0.04 0.18 -0.05
E6 0.30 -0.08 -0.02 -0.04 -0.01 0.03 0.09
E7 -0.07 0.04 -0.21 -0.12 0.11 -0.01 0.03
E1l1 0.14 -0.01 -0.11 0.03 0.09 0.01 -0.02
E13 0.12 -0.15 -0.02 -0.10 0.00 0.05 0.00
E15 -0.09 0.17 -0.14 -0.10 0.09 -0.12 -0.04
E17 0.05 -0.08 -0.10 -0.09 -0.04 0.02 0.09
E23 0.01 0.05 0.19 -0.11 -0.04 0.01 -0.01
E27 0.13 -0.02 0.01 0.11 0.11 0.08 0.09
E30 -0.14 -0.01 -0.19 -0.02 0.03 0.05 -0.02
E32 0.04 0.06 -0.13 0.06 -0.07 0.07 -0.03
E33 -0.07 -0.04 -0.01 0.01 -0.04 0.07 0.04
E34 0.05 -0.09 -0.01 0.11 0.01 0.02 0.01
E35 -0.03 0.06 -0.09 -0.06 -0.06 -0.05 0.00
E37 0.18 -0.05 -0.03 -0.10 -0.01 0.09 -0.01
E40 0.07 0.08 0.03 0.00 0.08 0.03 0.07
E43 0.09 -0.01 -0.09 0.09 0.06 0.07 0.01
E56 -0.06 0.03 -0.02 0.04 -0.04 0.01 -0.02
E58 -0.07 0.06 0.03 -0.09 0.04 -0.18 0.01
E65 -0.03 0.02 0.04 0.05 -0.08 -0.08 0.03
E70 0.01 -0.02 -0.03 -0.05 -0.06 0.07 -0.04
E78 0.02 -0.03 -0.02 0.00 0.01 0.00 0.01
E82 -0.01 -0.02 -0.06 -0.01 0.02 0.06 0.04
E87 0.01 0.03 -0.02 0.00 -0.04 -0.05 0.05
EQ90 -0.01 0.00 0.00 0.02 0.04 -0.01 0.03
E93 0.01 0.01 -0.03 -0.04 0.01 -0.02 -0.02
E96 0.04 0.00 0.01 0.00 0.01 0.03 -0.05
E103 0.02 0.00 0.03 0.00 0.06 -0.01 -0.02
E107 0.00 0.00 0.01 0.01 -0.03 0.03 -0.02
E108 0.00 0.03 0.02 0.00 -0.04 -0.02 0.01
E111 0.02 0.01 -0.01 -0.10 0.03 0.01 0.03
E112 -0.01 0.00 0.00 -0.02 0.01 -0.03 0.06
E115 0.00 0.01 -0.01 0.00 -0.01 0.01 0.02
E121 0.02 0.02 0.01 -0.02 0.06 0.02 -0.06
E123 0.00 0.02 0.02 -0.03 0.01 -0.05 -0.01
E129 -0.02 0.00 -0.01 -0.04 -0.03 -0.04 -0.03
E134 -0.01 -0.01 -0.02 0.03 0.01 0.00 -0.05
E135 0.02 0.01 0.00 -0.07 0.02 -0.01 0.00
E141 0.02 0.02 0.02 -0.01 0.03 -0.08 -0.01
E142 0.03 -0.01 0.03 0.00 -0.01 0.01 0.04
E143 0.05 0.03 0.04 -0.05 -0.02 -0.01 0.03
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CHAPITRE 2 : EVALUATION D 'UNE METHODE POUR LA
SELECTION DE VARIABLE EN PRESENCE
D’ AUTOCORRELATION SPATIALE : LE SLOO

Dans le premier chapitre de cette these, nous awilis® une procédure de sélection
de variable basée sur une modificationlelave-one-ouqui permet théoriquement de tenir
compte du probleme d’autocorrélation spatiale rédidudans un modele de régression.
Cependant, cette procédure de sélection de variallepas encore fait I'objet d'une
évaluation adéquate. De plus, comme discuté dapsetaier chapitre, le critere de sélection
utilisé, basé sur la somme des erreurs au carréiSEN| n’est pas forcément le mieux adapté
dans le cas ou I'hypotheése de normalité n’est gggeactée (par exemple pour les GLMs). Ce
second chapitre va donc s’intéresser plus spécifigné a I'évaluation de la méthode de
sélection de variable proposée dans le premier thaput en adaptant le critere de sélection
au cadre plus général des GLMs. Nous utilisons d&gssrl’acronyme SLOOspatial-leave-
one-ouj pour faire référence a cette méthode.

L’article présenté ci-aprés a été accepté pourigatibn dans le journal international
Global Ecology & Biogeography'éditeur de ce journal n'ayant que récemment éoses
commentaires, la version du papier présentée dette thése est la version initialement
soumise au journal.
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Abstract

Aim Processes and variables measured in ecologyramsiaalways spatially autocorrelated,
potentially leading to choosing overly complex misdehen performing variable selection.
One way to solve this problem is to account foides spatial autocorrelation (RSA) for
each subset of variables considered and then alessical model selection criterion such as
the Akaike Information Criterion (AIC). However,ishmethod can be fastidious and it raises
other concerns such as which spatial model to ukew to compare different spatial models.
To improve accuracy of variable selection in ecglothis study evaluates an alternative
method based on a spatial cross-validation proeedsuch procedure is usually used for
model evaluation but can also provide interestingc@mes for variable selection in the
presence of spatial autocorrelation.

Innovation We propose to use a special case of spatial sadgkation, the spatial leave-one-
out (SLOO), giving a criterion equivalent to AIC the absence of spatial autocorrelation.
SLOO only computes non-spatial models and usesealtbld distance (equal to the range of
RSA) to keep each point left out spatially indeparmtdrom the others. We first provide some
simulations to evaluate how SLOO performs compat@dAIC. We then assess the
performance of SLOO on a large-scale dataset. ®ad codes are provided for generalized
linear models.

Main conclusionsThe AIC was relevant for variable selection in gresence of RSA if the
variables considered were not spatially autocaiedlalt otherwise failed as highly spatially
autocorrelated variables were more often selet¢tad others. Conversely, SLOO had similar
performances whether the variables were themsealpasally autocorrelated or not. It was
particularly useful when the range of RSA was syvalflich is a common property of spatial
tools. SLOO appears to be a promising solutionstlecting relevant variables from most
ecological spatial datasets.

Key-words: AIC, Common Buzzarduteo butep Spatial cross-validation, GLM, Residual
spatial autocorrelation, Simulations.

Abbreviations

The following abbreviations are used in this paper:
AIC : Akaikel nformationCriterion

BIC: Bayseian nformationCriterion

GLM : Generalized_inearModel

GRF: GaussiarRandomField

LOO: Leave©One-Out

PCA: Principal ComponentAnalysis

RSA: ResidualSpatial Autocorrelation

SLOO: SpatialL eave©One-Out
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Introduction

Ecological processem natura are inherently spatial, either for environmentalirdrinsic
biological reasonsLégendre & Fortin, 1989Legendre, 1993Koenig, 1999 Keitt et al,
2002. The data collected in the field are thus usualpatially autocorrelated. Spatial
autocorrelation can alter the statistical independeof residuals in regression models,
leading to bias such as falsified tests or likediti® (ennon, 2000Bahnet al, 2006 Hoeting

et al, 2006 Dormann, 2007ut seeDiniz-Filho et al, 2003. Statistical methods able to
capture the residual spatial autocorrelation (Hee&kSA), so called ‘spatial models’, are
required to correct for those biases (s@hsteinet al, 2002 Fortin & Dale, 2005Griffith &
Peres-Neto 20Q@ormannet al, 2007 Bettset al, 2009. While such methods were shown
to be efficient for the estimation of model paraengtfrom spatial datasets, they are mainly
applied after the process of variable selectionis Tdegs the question of the validity of
variable selection in the presence of RSA.

Model selection has gained a wide audience in ggo{@ohnson & Omland, 2004
with the main aim of selecting pertinent varialbyscomparing several models with different
subsets of variables and choosing which ones ast likely to explain the observed pattern
in relation to the studied process. A few metriaséhbeen proposed to help in this process,
e.g. the Mallows’ CpNlallows, 1973, the Akaike Information Criterion (Al(Akaike, 1973
or the Bayesian Information Criterion (BISchwarz, 1978 These selection criteria usually
reflect a balance between the data fit and the hrameplexity George, 2000 The principal
difference between them comes from the penalty decbto the model complexity. For
instance, Mallows’ Cp and AIC are almost equivalant correspond to a penalty of 2
whereas BIC corresponds to a penalty of log(n), rehe is the number of independent
observations George, 2000 BIC is asymptotically consistent since it wiklsct the true
model as n— « (seeStone, 1979George, 2000 An implicit assumption is however the
existence of a ‘true model’ in the set of candidates GStone, 1979Shao, 1997 George,
2000. In biological sciences this assumption is unsgéial because the number of variables
affecting the processes can be very high, if nfoite (seeBurnham & Anderson, 2002 It
will thus be better to allow the dimension of tieet model to increase with Stone, 197§
which is a fundamental property of Mallows’ Cp aki€.

The presence of RSA invalidates the use of classicael selection criteria such as
Mallows’ Cp, AIC or BIC since they are based on tbeerall likelihood assuming
independent residuals. However in practice, theseria were still used without accounting
for RSA (see for exampl&ihn et al, 2009. This may lead to the selection of overly
complex models having a much larger number of b&mthan necessarygetinget al,
2006 Cassemircet al, 2007 Diniz-Filho et al, 200§. As acknowledged bipormannet al.
(2007) variable selection in the presence of RSA has vedesurprisingly little interest so far
in the literature. Identifying the relevant varieblin the presence of RSA thus remains
challenging. The classical strategy for variabled®n in the presence of RSA consists in
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first accounting for RSA in all candidate models d@hen to compare them with a classical
model selection criterion. The computed criterignthis time valid since RSA has been
removed. For instancéjoeting et al. (2006) underlined the necessity to account for RSA
when using AIC for variable selection in a geostatal modeling framework, as didiniz-
Filho et al. (2008)who compared two methods to account for RSA. Th@ach, however,
has three main drawbacks: first, models accourftindRSA need much longer computation
time, making model selection very difficult wherethumber of variables is large; second, the
variables finally selected may depend on the mets®t to account for RSA (s&eniz-
Filho et al, 2008) and third, most of ‘spatial explicit methods’ m#ad to a ‘spatial
confounding’ effect between the variables and fhagial term, hiding the importance of some
spatially autocorrelated variableRgich et al, 2006 Betts et al, 2009 Bini et al, 2009
Hodges & Reich, 20t0Paciorek, 2010Hughes & Haran, 2033 This latter effect is less
known but is of primary interest when one wantpéoform variable selection with spatially
autocorrelated variables, which likely happens ostof real applications.

Yet another method based on a modification of assk@lidation procedure has been
frequently used for model evaluation in the preseot RSA and should also be used for
variable selection in this context. Cross-validatiasually consists in splitting the initial
dataset in two subsets (sAdot & Celisse, 2010for an overview), one is used to estimate
model parameters (the training set) and the otheri® used to evaluate the predictive power
of the model (the validation set). A critical prguésite is that training and validation sets be
independentArlot & Celisse, 201} at least under the model being evaluated. Otlserthe
difference between the observation and the prediatiay be unreliableA{tman, 1990. In a
spatial context, most observations are related edwrs, training and validation sets are thus
rarely independent, which highly reduces the posferross-validation to evaluate a model.
An intuitive way to solve this problem consistsgplitting the spatial data in several non-
overlapping geographical areas that are used iasnggaand validation sets, a technique often
referred as spatial cross-validation (§#aing & Fabbri, 2003Brenning, 2005Pinkertonet
al., 20190 Russ & Brenning, 20t0Bahn & McGill, 2013. It is also necessary that the
distance between the training and the validati@asiis greater than the range of RSA (i.e.
the distance at which a pair of observations adependent) of the model evaluated in order
to guaranty a full independend@rénning, 2005Russ & Brenning, 2090 Unfortunately this
minimal distance between the training and validasets is almost always ignored (see for
exampleChung & Fabbri, 2003Pinkertonet al, 201Q Russ & Brenning, 2010Bahn &
McGill, 2013). The spatial cross-validation is actually a sgatersion of the delete-d-cross-
validation Geisser, 1976where d is the number of observations in thedadion set. If there
is no true model, which is expected in ecologigapl@ations, delete-d-cross-validation is
only useful for variable selection when d = 1, ivehen a simple leave-one-out cross-
validation (hereafter LOOAllen, 1974 Stone, 197}is used (se&hao, 199) The current
form of spatial cross-validation considering d >>Hould thus not be useful for variable
selection in this context. The special case of Hwould however provide a useful criterion
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since leave-one-out cross-validation is known t@aggmptotically equivalent to AlCStone,
1977).

In this paper we thus propose to evaluate the padnce of the spatial leave-one-out
cross-validation (hereafter SLOO) for variable seta in the presence of RSA. The selection
criterion is computed by applying a LOO in a spatantext, i.e. by using a threshold
distance between the training and the validatias #eat removes some data in order to
eliminate the bias due to RSA. This approach has Ibecently used blye Restet al. (2013)
though these authors did not provide neither ablgtcalculus of the selection criterion, nor
an evaluation of its performance. We first giveuth description of the method and the way to
compute the selection criterion. Second, we usmalation approach to evaluate how SLOO
performs compared to AIC in selecting a continuoaisable that affects the studied process
while avoiding another one that does not affect ghecess. We quantify in particular the
relative effects of i) the RSA, ii) the threshol$tdnce used to calculate SLOO and iii) the
spatial autocorrelation in the explanatory variable the third section, we use SLOO with
different threshold distance on a real data setpom®d of twenty height environmental
variables suspected to influence the abundance diuimal raptor species, the Common
BuzzardButeo butedLinnaeus 1758). This case study illustrates the utilizatwdisSLOO and
its performance for the selection of variables ins@ecies distribution model. Finally,
Supplementary material (onling@rovides computing codes and an example based en th
simulations showing how to calculate SLOO with Rware from generalized linear models
(hereafter GLMSs).

1) The spatial-leave-one-out (SLOO)

The SLOO method relies in practice on four stegee Tirst step removes one observation
from the initial dataset (the grey crossHig. 1). The second step removes all the observations
that are spatially correlated with this removedeaotation, i.e. removing all data inside a
buffer of a radius equal to the range of the RS#hefmodel considered (see for example the
grey buffer inFig. 1). All remaining observations (black points kig. 1) constitute the
training set and are used in a GLM framework toneste the parameters. A prediction (step
three) is then made at the location of the remaeskrvation (validation set, grey point in
Fig. 1) using the estimated parameters of the GLM. Thetlostep calculates a score between
the observed value and the predicted one. Thisepdtoe is repeated for every single
observation of the dataset, which allows calculatingpverall criterion of fit. Note that LOO
is a special case of SLOO when the threshold distarsed is null and SLOO is thus
asymptotically equivalent to AIC in absence of R$3tone, 197y allowing a direct
comparison between these two selection criteria.
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Figure 1: One example of spatial-leave-one-own a grid of 100 x 100 pixels having 500 observatis. Here
the threshold distance is set arbitrarily to 15 piels (radius of the grey buffer). The grey cross ithe point
leaved out, i.e. the validation set, and the blaghoints are the training set.

The criterion of the SLOOe(in ) is based here on likelihood instead of the ctadsi
sum of squares of errors, because it is more adldptenon-normally distributed response
variables (se&nafl & Grey, 2007for details one the likelihoodersusleast square cross-
validation) and is therefore more suitable for GLNtspractice, we compute the probability P
(for a discrete response variable, the density gy for a continuous one) of the left out
observed valug; according to the predicted ogieby using the training set. This is achieved
by using the theoretic distribution of the modeb(Mal, Binomial, Poisson, etc...). The sum
of the logarithm of these probabilities leads taaarall cross-validated log-likelihood for the
model, which is the selection criterion to be maxexd.

SLOQ, ., = lelog[P(yi 19,) (eqn 1)

All simulations and analysis were performed usingersion 2.13.0K Core Team,
2013, www.R-project.ong Full details on how calculate this criterion kvRR and an example
can be found iBupplementary material (online)
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2) Simulations

We conducted the first simulation on a 100 x 10Rebiregular grid approximating a
continuous field and iterated the following proc&8s000 times:

a)

b)

d)

Generating three independent Gaussian Random Feklgafter GRFs) with a
spherical spatial structure with mean equal to zeaoiance (sill) equal to one, no
nugget effect and a range chosen randomly betweal 1.00 pixels.

Generating the response varialglsuch as:

Y = GRF1 +8 GRF2 (egn 2)

GRF1 was considered as unavailable (unknown processwasdused to generate
RSA from its spatial propertie§&SRF2played the role of an available and influential
variable, and the paramefereflected its actual importangeéwas taken froniN(0,1),
which allowed to scan a wide range of values buiding too high values. HigJi
(over 2 in absolute) were irrelevant since theyagisvled to select the influential
variable GRF2 in the model whatever the selection criterionduseRF3 did not
affect the responséin egn 2and can be considered as an available but nameintilal
variable. A random sample of 500 observations frbra 100 x 100 grid was
considered as the available dataset.

Running two variable selection procedures (onegusitlC and one using SLOO) with
GRF2 and GRF3 being the candidate variables of the model. Nb&g SLOO was
computed by using the range®RF1as threshold distance.

Recording which variablesGRF2 and/or GRF3 were selected for each selection
criterion used, i.e. either by minimizing AIC or maximizing SLOQq_ix.

Note that the “true model”, i.e. holding the twdluential variables GRF1 and GRF2
and avoiding the non-influential on&RF3 could never be selected sinGRF1 was
considered as unavailable; thus the term “best heades used to qualify the model holding
the influential variableGRF2 and avoiding the non-influential on@RF3.

Binomial regression models were used to represaphigally either the probability to
select the best model, the probability to selea thfluential variable GRF2 or the
probability to select the non-influential on&RF3, by considering alternatively AIC or
SLOO and depending on varying levels of RSA. Theyeaof RSA was first used as a factor
having 100 modalities (between 1 and 100 pixels)) then smoothed using cubic smoothing
splines in order to provide an easier graphicalasgmtation.
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i) Effect of the residual spatial autocorrelation
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Figure 2: Probability (P) to select the best modeldepending on the range of the residual spatial
autocorrelation (RSA), by using two selection critda: the Akaike information criterion (AIC, dotted
lines) and the spatial-leave-one-out (SLOO, solidnles). Black lines are cubic smoothing splines angrey
lines consider the range of RSA as a factor (measaof the variability).

Fig. 2 shows thathe probability to select the best model, i.e. mdhe influential variable
(GRF2 and avoiding the non-influential on&RF3, was always higher using SLOO than
AIC except when the range of RSA was higher thapig8ls (i.e., 60% of the grid wide), a
value at which most of the training set was remofgegsection landFig. 1). Indeed in our
simulated area, the farthest distance betweendeaatibns was about 140 pixels (diagonal of
the grid), which explained why the capacities ofC&). fell down with threshold distance
between 60 and 70 pixels. We also found that trabahility to select the best model
decreased as RSA increased, considering either ABLOO (ig. 2).
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Figure 3: Probability (P) to select the influential variable (GRF2) and the non-influential one GRF3)
depending on the range of the residual spatial autorrelation (RSA), by using two selection criteria:the
Akaike information criterion (AIC, dotted lines) and the spatial-leave-one-out (SLOO, solid lines). Btk
lines are cubic smoothing splines and grey lines wsider the range of RSA as a factor (measure of the
variability).
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Using AIC, the probability to select the influertiariable GRF2in Fig. 3 was
always high and actually slightly increased with thege of RSA. But on the other hand, the
probability to select the non-influential on@RF3in Fig. 3 dramatically increased with the
range of RSA. These results were expected sinceAkiown to select overcomplex models
in presence of RSAHpetinget al, 2006 Cassemireet al, 2007 Diniz-Filho et al, 2008§.
Conversely using SLOO, the probability to sele@ thfluential variable GRF2 in Fig. 3
decreased with increasing RSA and the probabiityeiect the non-influential on&RF3in
Fig. 3 just slightly increased as RSA increased (up terain limit, see comments above)
but remained rather low. However it was not possibldetermine if these effects were due to
RSA because the range of RSA was also the threghsidnce used in the SLOO, which
caused a decrease in the number of observatiothe dfaining set (segection land Fig. 1),
also decreasing the statistical power of the SLDI@ effect of the threshold distance was
thus investigated with another simulation.

i) Effect of the threshold distance used in abserecof RSA

The first simulation procedureséction II-) was modified in order to separately study the
threshold distance: here there was no RSA &RF1had no spatial structure), and varying
threshold distances were used for SLOO, choseromalydbetween 1 and 100 pixels (as for
the range oGRF1in the first simulation).
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Figure 4: Probability (P) to select the influentialvariable (GRF2) and the non-influential one GRF3) in
absence of residual spatial autocorrelation but acrding to the threshold distance used for spatialdave-
one-out (SLOO, solid lines). Results for Akaike irdrmation criterion (AIC, dotted lines) are given fa an
easier visual comparison.Black lines are cubic smoothing splines and greyrles consider the threshold
distance as a factor (measure of the variability).

The probability of selecting the influential vari@abin the absence of RSA using
SLOO was very close to AIC performances whateverttineshold distance used ($8RF2
in Fig. 4), except when the threshold distance was highaar Half of the extent of the study
area (seeection ll-ifor explanations). Moreover the probability toes#lthe non-influential
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variable using SLOO (se&RF3in Fig. 4 was only slightly increased by the threshold
distance used. Overall the threshold distance use8LOO only slightly affected the
probability to select the variables, and was thaistime cause of the important decrease on the
probability to select the influential variable whiecreasing the range of RS&RF2in Fig.

3). This latter result may be explained by pseugiieation caused by RSA, leading
naturally to a loss of power by decreasing the tnuenber of degree of freedom (see
Legendre, 1993

iii) Effect of the spatial autocorrelation of the \ariables

P(GRF3)

Figure 5: Probability (P) to select the non-influatial variable (GRF3) depending on its own range of
spatial autocorrelation and the range of residual gatial autocorrelation (RSA) by considering two
selection criteria: the Akaike information criterion (AIC, in black) and the spatial-leave-one-out (SDO,
in grey). The surface plots are obtained from cubismoothing splines accounting for each dimension dn
also accounting for the interaction between them.

The first simulation gection Il-) also showed that the probability to select theades
depended on their own spatial autocorrelation.res@nce of RSA, the probability to select
the non-influential variable using AIC also incredswith its own spatial autocorrelatiofig.

5). Lennon (2000found a similar result by considering correlatiamsl levels of significance
on explanatory variables. Thus in presence of R the amount of RSA and the amount
of the spatial autocorrelation of the explanataayiables could affect the probability to select
the variables when using AIC. SLOO conversely shibvess sensitivity to RSA; in
particular, the probability to select the non-infitiesariable was not affected by its own
spatial autocorrelation (séeg. 5).
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iv) Effect of the sample size and the number of eXgnatory variables

We also analysed the effect of sample size onrtiti@lisimulation set (from 100 to 10 000).
10 000 observations led to a dramatic increasbamtobability of selecting the non-influent
variable using AIC, which sharply increased thefedénce between AIC and SLOO in
selecting the best model (seg. S1 (c) in Appendix 91conversely, reducing the number of
observations (to 100) led to reducing the diffeeehetween AIC and SLOO (sé&. S1 (a)
in Appendix S). This could be explained by the fact that obsteona were chosen randomly
on the grid and were thus far apart for low sanspte, which reduced the impact of RSA.
Including higher numbers of explanatory variabl&8 influent variables and 10 non-
influent ones) did not affect the precedent res(dtanpareFig. S2 in Appendix SZersus
Fig. 3. It was expected because variables were indepénde

3) Application to a real case study

We applied AIC and SLOO to a dataset from a Framaiional survey of breeding diurnal
raptors Thiollay & Bretagnolle, 2004Le Restet al, 2013. Our aim was to identify the
environmental variables affecting abundance of ninest abundant raptor that breeds in
France, the CommoBuzzardButeo buteoWe used 1206 sampled quadrats of 5 x 5 kim. (

6) and twenty heigh environmental variables (ninetekmatic and nine land use variables)
suspected to influence raptor abundance. A Prihojpamponent Analysis (PCA) was
performed separately on each environmental dafatietate and land use) because high
correlations occurred between initial environmentatiables. These principal components
were then used in place of the initial environment&iables for analysis. The principal
components were labelled as follow: “ClimDim.x” a¢ed the X principal component from
the climate dataset and “ClcDim.x” was used ingame way for the land cover dataset.

Figure 6: Map of the 1206 sampling quadrats of 5 % km over France (Projection: Lambert Azimuthal
Equal Area, ETRS89, EPSG3035). The minimal and mamial distances between observations are
respectively 15 km and 1200 km.
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Variable selection was performed by assuming asBaiddistribution in a GLM
framework. An automated forward step by step atboriwas used in order to reduce the
computation time. We first used AIC without accangtfor RSA and then, in order to access
the performance of the SLOO for this dataset, watetk several threshold distances for
SLOO, from 0 to 630 km (respectively, the minimundahe maximum distance at which
SLOO could be used) every 15 km step (the miningthdce between actual observations).
In each case, only the best model, either miningizZkC or maximizing SLOQq ik, was
retained for simplicity.
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Figure 7: List and number of variables selected inthe model by using two selection criteria: the Akdie
information criterion (AIC) and the spatial-leave-one-out used with different threshold distances (SLO
xxX). The abbreviation SLOO xxx denotes the use dBLOO with a threshold distance of xxx km. The
black line represents the number of variables seléed in the best model depending on the selection
criterion considered and the marks identify the lakels of the variables selected.

The use of AIC without accounting for RSA led tceethelection of twenty three
variables in the modelF{(g. 7). All but one of these variables were also setbdig using
LOO (SLOO 0in Fig. 7), i.e. without threshold distance. The variablat thhas not selected by
LOO only reduced AIC by 0.14 units, which meantttlfzese two models were almost
equivalent. This was expected regarding the asyiopaguivalence between these two
criteria Stone, 197). Increasing the threshold distance used for h® led then to the
selection of fewer variables in the model untilagag fifteen variables when using a
threshold distance of 45 km (SLOO 45FRm. 7). The expected range of RSA was given by
the residuals of the full model since it gave tipatsl autocorrelation that could not be
accounted for by the available variables. It waswben 40 and 50 km (se€ig. 8
emphasizing the fact that SLOO led to select morabkes in the model when the threshold
distance used was lower than the range of RSA. @sely when the threshold distance
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reached and exceeded the range of RSA (i.e. fromo 255 km inFig. 7), SLOO selected a
stable set of variables, with only very margindfedences (differences of SLQ« < 1).
This was in line with the fact that SLOO account@dRSA when the threshold distance was
equal or higher than the range of RSA. Above astiwkl distance of 255 km, variables
selected in the model became unstable and theibeudecreased dramatically for threshold
distances above 300 km (i.e. 1/4 of the extentefdtudied area), which suggested that the
SLOO was not efficient with too large thresholdtalixe.
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Figure 8: Variogram of the (deviance) residuals othe full model (including all the 28 environmental
variables) to explain the abundance of the Commonu&zard Buteo buteo

The Common buzzard is present over the entiretdeyriof France Thiollay &
Bretagnolle, 200¢ This species is thus particularly adapted oVWeclanatic constraints of
this country. That is why we expected that climatciables play a rather small role on the
explanation of the abundance of this species. Homabmost all principal components of
climatic variables were selected by using the AlCtlis dataset, which could suggest the
opposite. These climatic variables were also higplgtially autocorrelated and we showed in
the simulations that the spatially autocorrelatediagdes have more chances to be selected by
using AIC in the presence of RSA. The fact thatesavwariables were selected by using the
AIC but not selected by using the SLOO with a ccirriareshold distance should thus be
evidence of spatial autocorrelation present in lblo¢hresiduals and the explanatory variables.
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4) Discussion

In the simulations, using AIC for variable selentim the presence of RSA led to
select unnecessary variables in the regression Isiobeese results were consistent with the
conclusions oDiniz-Filho et al. (2008) However, this only occurred when the explanatory
variables considered were themselves spatially autelated (sed-ig. 5. This could be
explained by the fact that two random variablesracge likely to be correlated (based on
their absolute value of correlation coefficient) emhthey are both spatially autocorrelated
(Liebhold & Sharov, 1998 The correlation between the explanatory varmbded the
residuals of the regression model was thus inflaigetesence of spatial autocorrelation. The
highly spatially autocorrelated variables were thmiore often selected (seEig. 5.
Conversely, SLOO had similar performances whethengriables were themselves spatially
autocorrelated or not (s€&g. 5, providing a great alternative to AIC for varialdelection in
the presence spatial autocorrelation. However, SLGE8ame less efficient when the
threshold distance increased (seég 4). This phenomenon resulted from the fact that
increasing the threshold distance reduced the nuaflmbservations in the training set. When
the training set had only a few observations, thEmated parameters were quite unstable
between samples and SL@@x was improved by chance. For the same reasons, SLOO
could not be used when the threshold distance dreceene half of the extent of the studied
area (there were no observations in the trainitlg se

The results of the case study were highly concdrdath the simulations despite the
important theoretical constraints of the simulagidinat are never entirely verified with a real
dataset, e.g. random sampling in space, statignamitl isotropy. Even if the truth remains
unknown for the real dataset, we found evidencettieuse of AIC led to keep unnecessary
climatic variables for explaining the abundancehef Common Buzzard (sé&g. 7). It was
no coincidence that these variables were also yigplatially autocorrelated. Spurious
inclusion of meaningless variables in a model meadlto misguided statistical inference
(Johnson & Omland, 2004Using AIC for variable selection in this casadst thus reduced
the ability of the data collected to bring relevamtological information on species.
Conversely, SLOO appeared useful for variable sele@s soon as the threshold distance
exceeded the range of RSA. It was however not aalewhen the threshold distance was
lower than the range of RSA since many unnecesganables were still selected in the
model. Moreover, SLOO became unstable when thestibid distance exceeded 1/4 of the
extent of the studied area (about 250 km herel-gg6).

The modification of LOO by removing the non-indepentddata between the training
and validation sets has initially been proposechan-spatial settings (seeéhu & Marron,
1991 Burmanet al, 19949. It has been already mentioned that removingiioch data may
impact the effectiveness of the expected predicdoor and a limit of 1/4 has also been
evoked byBurmanet al. (1994) SLOO thus appears a safe technique for variadecton
when the range of RSA not exceeds 1/4 of the exiktite studied area. This limit is not so
restrictive since spatial tools (such as the vasogestimation) become anyway less efficient
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when the range of RSA exceeds 1/3 of the extethefstudied area. Moreover, in most of
ecological applications, the range of RSA rarelgez=ds 1/4 of the extent of the studied area,
which allows using SLOO in almost all ecologicakeastudies. It is easy to use since it
computes GLMs and only needs the range of RSA dsi@ahl spatial information (used as
threshold distance). A prerequisite is however doectly estimate the range of RSA. We
propose to use the range of RSA on the residudtsedull model, i.e. the model including all
available variables, because it gives the RSA ¢thanot be accounted for by the available
variables. Note that this strategy may underesénthé true range of RSA by including
unnecessary spatially autocorrelated variablehénnodel. Caution must thus be taken in
establishing the threshold distance used with SL&1,one must keep in mind that if SLOO
appears robust when estimating the range of RSanatipper limit, it may not be robust
against underestimation (seg. 7). The performance of SLOO may also depend on how the
space has been sampled. All spatial tools aretatfeoy irregular sampling and we do not
expect that SLOO have more concerns than other metheurther investigation of SLOO
performance on irregular spatial datasets remaiosssary to confirm this claim.

In most of situations, SLOO can thus be used foialée selection in the presence of
RSA instead of computing all candidate models spatial explicit framework. Even if it has
a real advantage in terms of computation timepé&sdnot address, however the problem of
correctly modelling the RSA. This can be seen lastfan advantage and an inconvenient: an
advantage because it avoids the choice betweemdémy spatial explicit methods that are
available, which may give different results (sBe&iz-Filho et al, 2009; but also an
inconvenient because it prevents to understanduti@own ecological processes having
generated the RSA. SLOO is thus only the first siepghe statistical analysis. Once the
variables are selected, it remains to use a sjyaéaplicit framework to correctly modelling
the RSA and make correct inference from the datasket advise to use spatial explicit
methods able to deal with the ‘spatial confoundieffect, e.g. by introducing a spatial term
that is orthogonal to the variables considered fsgehet al, 2006 Hughes & Haran, 2033
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Appendix S1: Extensive simulations for different am ount of data
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Figure S1: Probability (P) to select the best modetlepending on the range of the residual spatial
autocorrelation (RSA), by using 100 (a), 1000 (b)10 000 (c) random observations and two selection
criteria: Akaike information criterion (AIC, dotted lines) and spatial-leave-one-out (SLOO, solid lirs.
Black lines are cubic smoothing splines and grey osider the range of RSA as a factor (measure of the
variability). 1000 iterations were each time done.

Appendix S2: Extensive simulations for a higher num ber of
variables.
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Figure S2: Number (N) of influential variables (a)and non-influential ones (b) selected in the model
depending on the range of the residual spatial autorrelation (RSA), by using two selection criteria:the
Akaike information criterion (AIC, dotted lines) and the spatial-leave-one-out (SLOO, solid lines). Btk
lines are cubic smoothing and grey lines consider A as a factor (measure of the variability). 1000
iterations were done.
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Supporting information (online only)

Three R files:

- ‘split.r’ splits the initial data in training seby using a threshold distance. Return a ‘list’ of
training sets.

- ‘'sloo.r’ computes SLOO logLikelihood from a mod#lclass ‘Im’ or ‘glm’. Currently, only
the Gaussian (family = ‘gaussian’), the Bernoyiéimily = ‘binomial’ with y in 0/1 coding
scheme) or the Poisson (family = ‘poisson’) disitibns are allowed. It needs the object
return by ‘split.r’.

- ‘example.r compares SLOO and AIC performancesnfra simulated gaussian data. It
allows finding the results of the simulations.
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CHAPITRE 3 : UTILISATION DU SLOQO EN PRESENCE DE
SURDISPERSION

Le deuxieme chapitre de cette these a démontrapacié duspatial-leave-one-out
(SLOO) a sélectionner les bonnes variables explestméme en présence d’autocorrélation
spatiale résiduelle, du moins lorsque celle-ci aiapas une trop grande portée. Cependant, ni
le premier, ni le second chapitre ne s'intéressela possible présence de surdispersion, en
plus de I'autocorrélation résiduelle. Nous avong déuligné dans le premier chapitre que la
présence d’autocorrélation spatiale résiduellei{pe$ peut générer de la surdispersion lors
de l'analyse de données de comptages. Corrigetotatrélation résiduelle devrait dans ce
cas corriger la surdispersion. Néanmoins la surdsgpe peut aussi se produire en absence
d’autocorrélation résiduelle. Ces deux caractépiss, bien que liées dans une certaine
mesure, peuvent donc étre conjointement présentes wla modele de régression, ce qui
nécessite d’en tenir compte simultanément.

Ce troisieme chapitre s’intéresse a la manierelidert le SLOO pour la sélection de
variables dans le cas ou I'analyse des donnéesrdptages par un modele de régression de
Poisson conduit a de la surdispersion. L’articléspnté ci-apres sera bientét soumis a un
journal mais des modifications ne sont pas exclues.
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Abstract

Variable selection is often needed to draw reliabtatistical inference from a
regression model. However, the analysis of spataint data are very often confronted to
important problems such as overdispersion, i.aramce higher than expected by the model,
and residual spatial autocorrelation, i.e. the guames of strong spatial dependences in model
residuals. Both of these features may lead selgciimecessary variables in the final model,
artificially increasing model complexity. Performingriable selection within a generalized
linear model (GLM) framework in the presence of ravgpersion and spatial autocorrelation
is still challenging. Difficulties arise due to thégh computation time needed for computing
spatial explicit GLMs. An alternative method forriable selection in the presence of spatial
autocorrelation consists in using a spatial-leawve-out cross-validation (SLOQe Restet
al. 2014 where autocorrelated data are removed from tamimng set. It has the main
advantage to compute only classical GLMs, allengatthe model estimation difficulties
during the variable selection step. We proposenehg such method to the case where
overdispersion also occurs. We first evaluated seangs to compute the selection criteria in
the presence of overdispersion by using simulatidvis then applied the SLOO on a real
dataset involving both strong spatial autocorretatand high overdispersion, by whether
accounting for overdispersion or not. Results shibthat adding an overdispersion parameter
to the model, e.g. using a negative binomial maagkead of a Poisson model, is not needed
for computing the SLOO criterion. However, the maaest account for the non-stationnary
effects of variables affecting the studied proces®rder to guaranty a reliable variable
selection.
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Introduction

When building a regression model for studying aolagical process, a critical step
concerns the choice of a relevant set of explapatariables. These variables must be chosen
a priori, i.e. one must suspect their influence on theistugrocess. However, using all of
them in the same regression model may lead to ssdatistical inference, inflating the
variance of the model so much that the influenceasfables can no longer be detected (i.e.
the so-called bias/variance trade-off, &enham & Anderson 2002 Variable selection is
thus often necessary to draw reliable statisticgEdrence from a dataset. Many metrics have
been proposed to help in this task (8edavi 1995 Shao 1997McQuarrie & Tsai 1998
Burnham & Anderson 2002Arlot & Celisse 201 They usually consist in calculating a
balance between the model fitting and its compjexite. following the principle of
parsimony or Ockham’s razoFdrster 2000, 2001Burnham & Anderson 20Q02ohnson &
Omland 2004 The Akaike information criterion (AlCAkaike 1973 is the most often used
criterion for regression models. It is actually approximation of the Kullback-Leibler
divergence (KLD,Kullback & Leibler 195), i.e. the divergence between the true (but
unknown) distribution of the studied process arel dine provided by the statistical model
used (seeBurnham & Anderson 20Q1Richards 2008 This KLD is reliable for model
comparison without having to assume that the trwmlehis available from the set of
candidates (seBurnham & Anderson 20011t is thus well suited for variable selection in
biological sciences where the true model is usuatigvailable Burnham & Anderson 2001,
2002.

When analysing count data with a Poisson regressiodel, one assumes that the
variance is equal to the mean. But it rarely happenpractice since such model is almost
always confronted to a problem of overdispersiam, the observed variance is greater than
the one assumed by the model ($6ede & Demétrio 1998 Ver Hoef & Boveng 2007
Cameron & Trivedi 2018 Overdispersion may come from the fact that ingodr but
unobserved variables are not in the model, whiciyees unobserved heterogenekiynfle
& Demétrio 1998 Richards 2008Cameron & Trivedi 2013 It leads to an overconfident
statistical inference, which can in turn invalidageological conclusionsBirnham &
Anderson 200R Moreover, using AIC or other related metrics f@riable selection in the
presence of overdispersion may lead to the sefectimverly complex modelsAfdersonet
al. 1994 Richards 2008 Several methods were proposed to account faild@spersion, such
as the quasi-likelihood approach (8&®edderburn 1974or the negative binomial model (see
Greene 2008for a recent overview). The former involves diviglirthe estimated log-
Likelihood of the Poisson regression model by aremiion term (the overdispersion
parameter), which is derived from the Poisson mauahel is equal to the ratio between the
residual deviance and its residual degree of freedts value is expected to be close to 1 in
absence of overdispersion. Model comparison cam eeperformed by using the quasi-AlC
(QAIC, seelLebretonet al. 1992 Andersonet al. 1994, which has been proved efficient in
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many different situations (see for examplehards 2008 Switching from the Poisson model
to a more suitable one, such as the negative balamadel, is a widely used alternative to
the quasi-Likelihood framework. The dispersion pagger is this time estimated during the
model estimation as other model parameters. Thasvalcalculating a true log-Likelihood

and then using AIC for model comparison (8 Hoef & Boveng 200/7Richards 2008or

a comparison between these two approaches).

In addition to overdispersion, spatial autocorielais another frequent characteristic
of ecological count data, leading to unreliableapagter estimation when the residuals of the
model are not independent (s€eiffith 2006g. The presence of positive residual spatial
autocorrelation (spatially close locations havingrensimilar residuals than remote locations)
leads to a similar outcome as the presence of mpEndion Haining et al. 2009. For
instance, it leads to the selection of overly caxrpmhodels when using AIC for variable
selection Hoetinget al. 2006 Cassemircet al. 2007 Diniz-Filho et al. 2009. Again, there
are several methods available to deal with thedvegispatial autocorrelation in regression
models, often called ‘spatial explicit models’ (deermannet al. 2007 Bettset al. 2009
Bealeet al. 2010. For generalized linear models, such as the Boiss negative binomial
regression, two main methods are claimed to beulisdfe first one consists in using
additional artificial spatially autocorrelated \alvles, known as spatial filters, in order to
remove the residual spatial autocorrelati@miffith & Peres-Neto 2006Dray et al. 2000;
and the second one consists in adding a spatiallgtared random effect accounting for the
residual spatial autocorrelation (seggle et al. 1998. With the first method, the user still
keeps a generalized linear model framework whetleasecond method uses a generalized
linear mixed model framework, the latter being comagionally challenging hence relying
usually on approximations (s&olker et al.2009.

Analysing count data in spatially explicit contexhus requires, accounting
simultaneously for both overdispersion and residpatial autocorrelation. This may be done
by combining methods for each problem, e.g. by usirgpatial explicit negative binomial
model (seeGschlo3l & Czado 20Q8Haining et al. 2009 Neyenset al. 2012. The latter
might be convenient for estimating model parametausit is however less convenient at the
variable selection step due to the high computatiome needed for spatially explicit
generalized linear models. To reduce the computatioe, Diniz-Filho et al. (2008)
proposed to fix the spatial term across all cartdigaodels. As acknowledged by the authors
themselves however, this is not optimal since theunt of residual spatial autocorrelation
may depend on the variables included in the regmessodel. Recently, e Restet al. (2014)
have proposed using an alternative technique foabhia selection in the presence of residual
spatial autocorrelation. It consists in applyineave-one-out (LOO, se®tone 197 cross-
validation in a spatial context, by removing thetpd the data that is not independent from
the point leaved out. This method, called spasal/é-one-out (SLOO), is very much related
to AIC since these metrics are asymptotically edemain the absence of residual spatial
autocorrelation $tone 1977 Le Restet al. 2014. SLOO seemed thus a promising tool to
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perform model selection in the presence of residpalial autocorrelation but its efficiency
was not assessed yet when used in the presenaghofdsidual spatial autocorrelation and
overdispersionThis is precisely the aim of the present study,exend the use of SLOO to
perform variable selection in the presence of boterdispersion and residual spatial
autocorrelation.

An intuitive modification of the SLOO allowing foloverdispersion involves
computing the variable selection criterion with agaive binomial model instead of the
Poisson one. We first perform a simulation studyhmegperformances of the classical LOO in
the presence of overdispersion but in the absenoesafual spatial autocorrelation. AIC and
LOO are compared as variable selection criteriegh véit Poisson or a negative binomial
regression model and the probability in selectivgugable against its true effect is computed.
A similar simulation comparing SLOO and AIC in theesence of both overdispersion and
residual spatial autocorrelation is provided Appendix A These two simulations allow
discrediting in one hand the effect of overdisp@rsand in other hand the effect of residual
spatial autocorrelation. Second we compare theoprences of AIC, LOO and SLOO on a
real count dataset presenting both important ogpeision and spatial autocorrelation when
analysed with a non-spatial Poisson regression mdtie dataset reports on the measured
abundance of a diurnal raptor over the entire aguat France breeding in France, the
Montagu’s HarrielCircus pygargusSatellite data on environmental variables are eterhin
order to explain the abundance of this speciesamd¢e and the aim is to identify a relevant
subset of such variables.

1) Simulations

We simulated 10 000 count data with 100 observatieach, obtained from a negative
binomial distribution (NB) such as:

log(A) =p1 X1; Y ~NB@, k) Equation 1
where Y was the count datayas the mean of the count akdas the dispersion parameter.
This latter was parameterized such as the variahtlee count was equal to+ 42 / k (the
default parameterization in R software, 8sdker 2008 p.12¥ NB(¢ , k) is thus equivalent to
Poisson{) whenk — + o. Here we sek equal to 0.5, i.e. a rather high overdispersikn:
N(0,1)was a random variable influenciigand its importance depended £ which was
chosen randomly between 0 and 0.99 each 0.01,gi0 possibilities. Whefy = 0, X; had
no effect ond, whereas whept; = 0.99, it had a strong effect increasingy exp(0.99), i.e.
169%, wherX; increased by one.

For each 10 000 datasets, four variable selectiooepiures were run: two procedures
using the AIC considering either a Poisson or aatieg binomial regression model; and two
using the LOO instead of AIC. Note that the setsttcriterion of the LOO was a cross-
validated log-Likelihood (as ine Restet al. 2014, which was computed with either a
Poisson or a negative binomial model distributidhe probability to seleckK; was then
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computed for eaclf; value as the number of times (divided by the number ofusations
done for thegs; value) when adding; in the model reduced the selection criterion (eiti€
or LOO).
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Figure 1: Probability (P) to selectX; depending on its regression coefficientg(), in the presence of
overdispersion. The Akaike information criterion (AIC, in black) and the leave-one-out cross-validatio
(LOO, in grey) are confronted by using two differert models: the Poisson model (a) and the negative
binomial one (b). The lines represent the mean prability for each of the #; modalities (from 0 to 0.99
each 0.01). This allows giving a graphical represéation of the mean but also of its variability. A smilar
Figure but in the additional presence of residual gatial autocorrelation is given inFigure Al of Appendix
A.

o
o

Considering a negative binomial regression moHgj.{b led to the same capacities
in selectingX; by using either AIC or LOO. Since the negative birdrmodel accounted for
overdispersion, the equivalence between these &eaton criteria was confirmed for count
data in the absence of overdispersion (see @tsoe 1977or the mathematical proof of
equivalence on a Gaussian data). Conversely, oasonere different with the Poisson
model, which did not accounted for overdispersiéig.lg. Indeed, using LOO with a
Poisson model gave always a lower probability thsing AIC in selecting$;, which outlined
that LOO and AIC were not equivalent in the preseat overdispersion. Especially, using
the AIC with a Poisson model inflated the imporewt X; when it had actually no effect
(P(X) was about 0.4 whefi; = 0, seeFig.19. This was expected since AIC is known
overselecting variables in the presence of oveedsspn (seeAndersonet al. 1999.
However, using LOO with a Poisson model gave alpii probability to selecX,, i.e. a
similar probability than by using a negative binahmodel (compar€ig.laandFig.1b.
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2) A case study

The data used came from the French national suo¥elyreeding diurnal raptors
(Thiollay & Bretagnolle 2004Le Restet al.2013. A total of 1206 quadrats of 5 x 5 km were
sampled between 2000 and 2002 over the countryKge®. Here we studied the spatial
distribution of a raptor species, the Montagu’s riéar which showed a strong spatial
autocorrelation (about 100 kilometres, s€egure Bl in Appendix B and a high
overdispersion (negative binomial dispersion patam@bout 0.45; see also the count
frequency,Figure B2in Appendix B when analysed with a non-spatial Poisson regrassi
model. A set of 28 environmental variables (19 alilm and 9 land use variables) were
extracted in order to explain the abundance ofrdgdor (additional details on these datasets
can be found iLe Restet al. 2013. A Principal Component Analysis (PCA) was perfedn
separately on each environmental dataset (climageland use) because high correlations
occurred between initial environmental variablese3e principal components were then used
in place of the initial environmental variables famalysis. The principal components were
labelled as follow: “ClimDim.x” denoted thebprincipal component from the climate dataset
and “ClcDim.x” was used in the same way for thallanver dataset.

Figure 2: Map of the 1206 quadrats sampled acrosg&nce between 2000 and 2002. Each black point
represents a quadrat.

Variable selection was performed by using AIC, L@@l SLOO. AIC and LOO were
used by ignoring residual spatial autocorrelatidrvergas SLOO (sdee Restet al. 2014 was
used with a threshold distance of 100 km betweemthints left out and the remaining data,
i.e. the observed range of residual spatial autetadion (seeFigure B). AIC, LOO and
SLOO were used by considering either a Poissomegative binomial model. An automated
forward step by step algorithm was used in orderethuce the computation time. For each
case, only the best model, either minimizing AIC raximizing LOO and SLOO log-
Likelihood, was retained for simplicity.
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Figure 3: Variables selected among the 28 candidateariables according to the different model seleatin
criteria used: the AIC, LOO or SLOO with either the Poisson (P) or the negative binomial (NB)
distribution. ‘P.AIC’ denotes the use of AIC with a Poisson model. The boxes represent the variable
selected for each selection criterion considered.

This case study underlined how much the variablecgen criterion used may
influence the complexity of the model retained e fpresence of both overdispersion and
spatial-autocorrelation. Using AIC with a Poiss@gression model for variable selection
(P.AIC inFig.3), i.e. not accounting for either overdispersiorspatial autocorrelation, led to
a very high number of selected variables (21). Thouging LOO with a Poisson model
(P.LOO inFig.3) not explicitly accounted for overdispersion n@asal autocorrelation, it
slightly decreased the number of selected variébi¢. Using AIC or LOO with a negative
binomial model (respectively NB.AIC and NB.LOO iRig.3), which accounted for
overdispersion but not for spatial autocorrelati@sulted in respectively 15 and 13 selected
variables. Computing an AIC (assuming a negativeinial regression model) from the set
of variable select by NB.LOO showed that these $@&ts of variables had actually a similar
AIC (AAIC = 0.52). The SLOO criteria (P.SLOO and NB.SLQOFig.3), the only ones
accounting for spatial autocorrelation, led dedrepdrastically the number of variable
selected since only 5 variables were selected witPoisson model and 6 with a negative
binomial model.

73



3) Discussion

Simulations showed that AIC should be avoided fmiable selection with a Poisson
regression model in the presence of overdispersidad selecting non-influential variables
with a quite high probability, which in turn maydle€onsidering overcomplex or even false
models for statistical inference, a problem alreldgwn (seéAndersonret al. 1994 Richards
2008. The negative binomial regression model accourfted overdispersion and thus
corrected for this undesirable effect. Using eith&O or AIC criteria led to very similar
outcomes when using this model. This implied tHaapplied with a negative binomial
regression model, the modification of the LOO ispatial context (SLOOLe Restet al.
2014 will be able to perform variable selection whalecounting for both overdispersion and
residual spatial autocorrelation. This assertiors wanfirmed by the additional simulations
shown inAppendix Al Using LOO with a Poisson model provided an alitue way to
perform variable selection in the presence of owgpelision. Indeed, simulations showed that
using LOO with a Poisson model gave similar resthigsr using it with a negative binomial
model (sed-ig.1). This was especially valuable in term of comgaotatime since computing
Poisson models is much easier and faster than domgpoegative binomial models. Using
SLOO with a classic Poisson regression model setmefore another relevant way to
perform variable selection in the presence of boterdispersion and residual spatial
autocorrelation. This assertion was also confirrbgdhe additional simulations shown in
Appendix Al

The case study presented here mainly confirmedethdts obtained with simulations.
Indeed using AIC with a Poisson regression model Keeping a very high number of
variables in the final model (21, seey.3), which decreased to some extant when using AIC
with a negative binomial model (15) or when usifgQ with a Poisson model (17). Using
SLOO with a Poisson or a negative binomial regogssnodel led keeping the minimal
number of variables (5 and 6 variables respectjvélpart the varying number of variables
kept in final models according to selecting procedanother difference between the models
concerned the identity of the variables selectsgpeEially, a single variable was selected with
all metrics, though not when using SLOO with a tiegabinomial model (ClcDim.1, see
Fig.3). This variable reflected a natural gradient (Malues indicating intensive farming and
high values, large forests) and was supposed &ztafifie abundance of Montagu’s Harrier,
which is a raptor of open landscapes. The explanain why it was not selected by using
SLOO with a negative binomial model likely camenfrats heterogeneous effect. Indeed, in
some part of France, this variable has a negaffeetei.e. Montagu’s Harrier mainly breeds
in intensive agricultural landscapes. But in otheast of France, it breeds in more natural
lands and even sometimes in forest cuts. This barihad thus apparently not a sufficient
homogeneous effect to be detected when using SL@®Oawnegative binomial model. One
way to account for this non-homogeneity would benidude some relevant interactions in
the model.
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In conclusion one should retain that even if cormmuBSLOO with either the Poisson
or the negative binomial model give very similatcmmes for variable selection in simple
cases (see simulations), these two approache®astrictly equivalent with real data (see the
case study). This may come from variables havingstationnary effects along the study
area (such as ClcDim.1 in our case study). A d@ilititep is thus to allow for these complex
effects to be incorporated in the model. If thigsl®e properly, then computing SLOO with
either the Poisson or the negative binomial regrasmodel will give the same outcome (see
Appendix A). The Poisson model keeps an advantage in tegaroputation time.
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Appendix A
We simulated 10 000 count data with 500 observatieach, obtained from a negative
binomial distribution (NB) such as:
log(d) =p1 X1 +&; Y ~NB@, k) Equation Al

Equation Al is similar to Equation 1 but with andanal error term;e ~ N(0,1) have a
short-range spherical spatial structure, which geed the residual spatial autocorrelation.
The range was set at 1/5 of the width of the spdtimain.Moreover,X; was computed with
a long-range spherical spatial structure (the ramagethe width of the spatial domain).

For each 10 000 datasets, four variable selectioocepiures were run: two procedures
using the AIC considering either a Poisson or aatieg binomial regression model; and two
using the SLOO instead of AIC.

Poisson Negative Binomial
~ | AlC PPN T i s AMMTTYVADTTT
LA s Y Y ANLIYY S
oY aAN°Y
o o MV . AV
== n I\!!' - _ nI1v
S W AlC YV
Nl
© | 1. AV
-~ O n v
X JW
e a L B A
a = 1°
ad Sl S
o SO0 SLOOQ
o | i
o

00 02 04 06 0.8
B

1.0

00 02 04 06 08
B;

1.0

Figure Al: Probability (P) to selectX; depending on its regression coefficientg(), in the presence of
overdispersion and residual spatial autocorrelationThe Akaike information criterion (AIC, in black) and
the spatial-leave-one-out cross-validation (SLOOnigrey) are confronted by using two different moded:
the Poisson model (left) and the negative binomiane (right). The lines represent the mean probabily
for each of thep; modalities (from 0 to 0.99 each 0.01). This allowgiving a graphical representation of the
mean but also of its variability.

and gave a suitable probability whein= 0.
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Appendix B
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CHAPITRE 4 : LIMITES D 'UTILISATION DES MODELES
ZERO-ENFLES A MELANGE

Dans le troisieme chapitre, nous avons abordéileblemes liés a la présence de
surdispersion dans un modéle de régression ettdisgumaniere d'utiliser Ispatial-leave-
one-out (SLOO) dans un tel cadre. Un aspect encore igjuséu’alors est la possible
présence d'un cas particulier de surdispersionalié@ présence d’'un surnombre de zéros :
I'inflation en zéro. Ce quatrieme chapitre s'ingge a la relation entre surdispersion et
inflation en zéro, et aux possibles confusions gek peut générer dans un modeéle de
régression. Afin de se focaliser sur ces aspeestocorrélation résiduelle sera cette fois
absente. Les métriques évaluées concernent d’urielgpgrobabilité de sélectionner les
variables et d’autre part la qualité d’estimatioes doarametres. L’'ajout d’'une métrique
s'intéressant a la qualité d’estimation chercheéé@ondre au fait que cet aspect n'est pas
beaucoup étudié en présence de surdispersion rétatidn en zéro alors qu'il a déja été
largement étudié en présence d’autocorrélatiorduédie. Les procédures de sélection de
variables ne nécessitant pas I'utilisation du SL&rabsence d’autocorrélation résiduelle, il
ne sera pas utilisé dans ce chapitre.

L’article présenté ci-apres apporte un regard quéi sur l'utilisation des modeles
zéro-enflés a mélangegmbert 1992 qui sont de plus en plus utilisés pour modélbes
données ayant beaucoup de zéros. Il sera sounss prechainement a un journal
international.
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Abstract

Zero-inflated mixture models (ZIM), such as the azenflated Poisson (ZIP), are
models claimed to account for an excess of zeraoumt data, i.e. the zero-inflation issue.
They are increasingly used in ecological applicatiaen data have many zeros because of
supposed better performance over more conventimoalels, such as the Poisson and the
negative binomial (NB) models. However, ZIM makecritical assumption: one or some
processes must affect the probability of having® avithout affecting other count values. If
properly tested, this assumption would likely nestthe use of such model to specific cases,
yet ZIMs are currently used in situations whers gssumption is unlikely to be matched. By
using simulations, we critically examine the pemiance of ZIMs over traditional models
when this assumption matched or not. We especwitlyisage the case where classical
overdispersion occurring (a very common case irlogooal count data), and consider its
effect on variable selection and on parameter asitom. Our simulation results showed that
using ZIP in the presence of overdispersion lec torong variable selection, misleading
zero-inflation, and inaccurate parameter estimaiegig ZIP was even worse than using the
conventional Poisson model in some cases. Usingdgheinflated negative binomial model
(ZINB) corrected for most of these problems but reily led selecting overcomplex models
by including unnecessary terms in the excess-zeato-pae conventional NB performed
equally to ZINB in most of situations. Our resulgply that the ZIP would be inappropriate
for analysing an ecological count data and thataiNdB is only useful when a mechanism
can be identified that split the studied populatiortwo subpopulations, one leading to only
zeros and one leading to both zeros and positivatso8uch situation may be uncommon in
ecological data.
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Introduction

Many ecological processes of interest are actukdicribed by a discrete variable, e.g.
the abundance of a species. In such cases, ghéyhecommended to switch from the use of
a classic linear regression model to a generallzezhr model, acknowledging both the
discrete and positive nature of the response Vari@Hara & Kotze 201D However, the
classic Poisson regression model may not be agptegdor such data since it assumes equal
mean and variance (sddinde & Demétrio 1998 This assumption is overwhelmingly
violated in ecological count data analysis sin@dhserved variance is almost systematically
higher than the mean. This phenomenon is knownvasdispersion Hlinde & Demétrio
1998 Richards 2008 When modelling a dependent variable using ao$ehdependent
variables, overdispersion usually comes from thet fdnat important but unobserved
independent variables (often unavailable variabk®) lacking in the model, producing
unexplained heterogeneityCémeron & Trivedi 201,3Hinde & Demétrio 1998 Berk &
MacDonald 2008 Richards 2008Boes 201D If overdispersion is ignored, e.g. by using a
Poisson model, an overconfident statistical infeeendses, which may in turn invalidate
ecological conclusions Birnham & Anderson 2002 Unfortunately, the number of
unobserved variables is expected to be high inogoml studies, either because mechanisms
governing ecological processes are complex or Isecdie measurements are prone to errors,
e.g. heterogeneous detection probability for sge@bundance data. The presence of
overdispersion should thus be largely expected varatysing an ecological count data by
using a Poisson model. Statistical methods abt®tect for overdispersion are available for
a long time. For instance the widely used negabivemial distribution (hereafter NB),
which use a dispersion parameter to account fordisggersion, have already been described
by Fisher (1941)as an extension of the Poisson series for impedata (see alsGreene
2008for a recent overview).

When the unobserved variables generate only zevesdispersion is referred to zero-
inflation (Lambert 1992Tu 2003. Zero-inflation is thus a special case of ovgrdision (see
Ridout et al. 1999. It can be corrected for by using a model withaalditional parameter
such as the zero-inflated Poisson model (herezfferLambert 1992 The ZIP assumes that
the studied process comes from a mixture of twagsses, one generating only zeros with
proportionp (the excess-zero-part) and another one generaditigzeros and positive counts
with meani (the count-part) L@ambert 1992 Tu 2003. It is also possible to deal with the
presence of both overdispersion and zero-inflabgrconsidering that the count-part of the
ZIP model is a NB instead of a Poisson distributiwwhich leads to the zero-inflated negative
binomial model (hereafter ZINB, s€&xeene 1991 Zero-inflated ‘mixture’ models (hereafter
ZIMs), such as ZIP and ZINB, have become fairly ydapin ecological literatur@/Nelshet
al. 1996 Warton 2005 Martin et al. 2005 Rathbun & Fei 2006and are now widely used
(see for exampl&Venger & Freedman 200&ileshiet al. 2009 Linder & Lawler 2012. In
particular, they have attracted many ecologists thdnge ever been interested in methods able
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to deal with many zeros, a frequent characterigti@cological count dataMartin et al.
2005.

The presence of zero-inflation implies that onesome processes must affect the
probability of having a zero without affecting otle®unt valuesliambert 1992Tu 2003. In
some situations, this assumption seems realigiicinstance when studying the number of
offspring in a species, one should account forftoe that some individuals are sterile. If an
individual is sterile, it has inevitably no offspg whatever the biological variables able to
influence its reproductive success. The excessqanoof ZIMs should then determine the
probability that an individual is sterile. Howevén most ecological situations, this
assumption is questionable: does an unobserveckessaruly affect the number of zeros
without affecting others counts values? For examgdeeral studies on species abundance
data have proposed to used ZIMs in order to digtgtgthe zeros due to detection failure, i.e.
false zeros, from the zeros due to ecological @®e® i.e. true zerodlartin et al. 2005
Linder & Lawler 2012. However, it is very unlikely that a low detectigenerates only false
zeros without affecting others counts values, legdo the presence of false ones, false twos,
et cetera A low detection probability is more likely to efft the overall count data by
underestimating the true counts whatever their waluanciaet al. 1994 Schmidt 2003
This rather suggests that ZIMs should not be usezlich situations and that a NB is likely
more relevant.

In practice, ZIMs are often used by justifying amportant number of zeros occurring in
the data collected; however this justification pisous {Varton 2005 Wenger & Freeman
2008. Over and unduly use of ZIMs has recently beenicized (Paul Allison,
www.statisticalhorizons.com/zero-inflated-model#t is well admitted that overdispersion
and/or zero-inflation lead to erroneous results nwvhet accounted for but actually present
(Hinde & Demétrio 1998Tu 2002 Berk & MacDonald 2008 but the consequences of
inadequately correcting for overdispersion andfenmoznflation have received less interest.
Especially the consequences of correcting for m&tation whereas there is actually
overdispersion ovice versahas not been addressed so far. Further evalgabibdIMs are
thus needed in such situations in order to idenwtyen they truly improve ecological
conclusions or conversely, when they may lead tilnéun confusion.

This study explores how ZIMs perforrersustheir non zero-inflated versions in the
presence of different levels of overdispersion amdo-inflation. We used a controlled
framework by using simulations since it was theyamty to fully manage the count data, by
using specific unobserved variables producing osgeetsion and/or zero-inflation. We
focused on the performance of the four commonlyglusedels for the analysis of count data,
the Poisson, the NB, and their zero-inflated versiagespectively the ZIP and the ZINB.
These models were evaluated by using two statistieasurements: i) their ability to select a
variable of interest and ii) the reliability on tlestimation of the regression coefficients.
Implications of our results for ecological data #ren discussed.
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1) Materials & Methods

A) The simulated count datasets

The simulated count datasets were generated fromixaure of a Poisson (Pois)
distribution and a BernoullBer) distribution, i.e. a zero-inflated count data.

Y ~ ZIP(@, =) or equivalently Y ~Poigd{) x Ber(1-) (Equation )
count-part (Poisson): excess-zero-part (Berngul
log(4) =1 X1 + X2 m=¢C

/- was the mean of the count-part andhe probability of excess-zero. For the sake of
simplicity, the excess-zero-part had only a congemmb, i.e. a constant proportion of excess-
zero. This excess-zero proportion was considettbérenull z = 0), low @ = %), moderaten(
= 1%) or high £ = %). The count-part resulted from the combinatbitwo random variables:
X1 ~ N(O, 1) and X; ~ N(0, 6?). p1 gave the importance of; and was chosen randomly
between 0 and 0.495 each 0.005, giving 100 posg®bil If 5, = 0, X; had no effect o
whereas iff; = 0.495,4 was multiplied by exp(0.495) 1.64per unit ofXy, i.e. increasing
by 64% whenX; increase by oneX,; was set as an unknown variable and thus produced
unobserved heterogeneity # > 0. The highere? was, the higher the unobserved
heterogeneity wass2 was thus used as a measure of the expected q@enslen. Four levels
of expected overdispersion were considered, alE(0), (low @2 = 0.5), moderatest = 1)
and high 62 = 2). Overdispersion could also been handled lnygus NB distribution but in
ecological applications it is more likely that ogtespersion comes from unobserved variables
(Richards 2008 which motivated this alternative parameterization

X1 was the variable ahterest and the aim was to reliably estimiata.e. determinate the
importance of this variable. For each level of oNspersion and zero-inflation considered,
10,000 datasets having each time 500 observati@ns generated frorgq.1 We chose to
consider 500 observations, which is a quite high lmemmin order to allow detecting complex
mixing effects such as zero-inflation. This canbet done for low sample sizes because
different distributions such as NB or ZINB, may gitlee same observed values, making
impossible the identification of a zero-inflationraponent. The NB model is highly flexible
and will thus be the most appropriate for low sagizes (se¥audoret al. 2011).
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B) Evaluation of model performances

1) Probability to select the variable of interest:X;

The probability to select a variable of interessveaaluated by the probability to selXgt
in Eq.1, which naturally depended ¢h: high 1 should increase the probability to sel¥gt
We used the Akaike information criterion (hereaR&C, Akaike 1973 for variable selection:
the AIC indicated whether adding; improved the bias/variance trade-off or not (see
Burnham & Anderson 2002The probability to seleck; for a giveng; valuewas thus the
number of times (divided by the number of simulasi@one for thg; value) when addin;
in the model reduced the AIC.

In ZIMs, X; could be selected in the count-part and/or in ékeess-zero-part of the
model, either indicating that it influenced the cbwalues or the probability of having an
excess of zeros. However, one could also considiXi should not affect the excess-zero-
part due to prior knowledge. We had thus used tlasses of ZIMs, the first one fixed the
excess-zero-part to a constant (intercept onlyjeathie second one allowed to be select in
both parts of ZIMs. The probability to seleGtin the count-part of ZIMs reported in Figures
(ZIP.countandZINB.coun}f was estimated by using the former, alleviating éffect of trying
to selectX; in the excess-zero-part. Conversely, the proligihdi selectX; in the excess-zero-
part of ZIMs reported in FigureZP.zeroandZINB.zerd was estimated by using the latter.

i) Reliability on the estimation of the parameter @ interest: f;

The reliability on the estimation of the parameaieinterest was evaluated by computing
the probability density gf; from N(by, se.ly), whereb; is the estimation gf; from the model
andse.h is its standard error. This measure representidlacthe likelihood to estimate
correctly 1. We also provided the bias of the estimationppin Appendix Aand the AIC
values of the four models usedAppendix B expecting that lower was the AIC, better was
the reliability on the estimation @f. These three measurés l{kelihood, bias and AIC) were
obviously done only for the models includiig, i.e. by assuming thaX; was known to
influencel (seekq.]). For ZIMs, we include; only in the count-part, i.e. assuming tiat
was known to influence only this part.
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2) Results

i) Probability to select a variable of interest:X;
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Figure 1: Probability (P) to selectX; depending on its true regression coefficienif), by using a Poisson
(Pois in blue) or negative binomial \\B, in red) model. Sixteen combinations of overdispsion and zero-
inflation levels are here considered. Overdispersioswitches from O (null) to 2 (high) and zero-inflion
switches from 0 (null) to 0.75 (high). The lines mresent the mean of probability for each of theg;
modalities (from 0 to 0.495 each 0.005). This all@agiving a graphical representation of the mean bualso
of its variability.
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Overdispersion
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Figure 2: Probability (P) to selectX; depending on its true coefficient £;), by using the zero-inflated
Poisson (ZIP) or the zero-inflated negative binomia(ZINB) model. ZIP.count (in dark blue) refers to the
probability to select X; in the count-part of the ZIP whereas ZIP.zero (inight blue) refers to the one in the
excess-zero-part. The same goes for ZINB.count (idark red) and ZINB.zero (in orange). Sixteen
combinations of overdispersion and zero-inflation dvels are here considered. Overdispersion switches
from O (null) to 2 (high) and zero-inflation switches from 0 (null) to 0.75 (high). The lines represg the
mean of probability for each of the g1 modalities (from 0 to 0.495 each 0.005). This alls giving a
graphical representation of the mean but also of & variability.
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In the absence of both overdispersion and zeratiofi, using either the Poisson or
the NB model for variable selection was almost egjeint Fig.l). However, using the
Poisson model (blue line iRig.1) in the presence of overdispersion and/or zeratioh led
to highly overselecting;. Conversely, the use of the NB (red lineFig.1) led selectingk;
with almost the same probability than by using BEKred line inFig.2).

Concerning ZIMs performances in the absence ofdispersion, using either the ZIP
or the ZINB for variable selection gave almost faene results results (sEg.2). However
in the presence of overdispersion, using a ZIPtdeblighly overselecteX; in the count part
when ithad actually no or low effect (see ‘ZIP.count’ ddnlke line inFig.2). This led to
probabilities in selecting; similar to those obtained by using the Poissoneh@aue line in
Fig.1), even though being always lower. Note also tHiaweng X; to be selected in the
excess-zero-part of the ZIP (see ‘ZIP.zero’ lightebline inFig.2) led to highly overselect;
in this model-part ; a phenomenon which increasefl;ancreased. Conversely, using the
ZINB corrected for this undesirable phenomenon (8d8éB.zero’ orange line irFig.2), i.e.

X1 was selected with the same probability whatefevalue. Note however thaX; was
selected with a high probability in the excess-zgad when overdispersion was high (about
0.4).
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i) Reliability on the estimation of the parameter d interest: f;
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Figure 3: Likelihood of a correct estimation of#; by using the Poisson (Pois), the negative binomiélB),
the zero-inflated Poisson (ZIP) and the zero-inflad negative binomial (ZINB) models. Sixteen
combinations of overdispersion and zero-inflation dvels are here considered. Overdispersion switches
from O (null) to 2 (high) and zero-inflation switches from O (null) to 0.75 (high).

In the absence of both overdispersion and zeratiofi, the likelihood ot; were
identical whatever the model used ($ég.3). In the presence of overdispersion, using either
NB and ZINB was almost equivalent and gave theebgtt estimation. Conversely, using
either the Poisson or the ZIP gave less suitdbestimation, with the ZIP being even worst
than using the Poisson model. In the additionadgumee of zero-inflation, the likelihood lof
decreased with the same order of magnitude whatbeemodel used. The ZIP kept a slight
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advantage over others models in the presence bf Zego-inflation and in the absence of
overdispersion.

3) Discussion

Based on our simulations, using AIC with a Poissoodel was not relevant for
variables selection in the presence of overdispersind/or zero-inflation. Indeed, it led
overselecting$; when it had no or low effect (see blue lind-ig.1). Moreover, the reliability
on the estimation gf; (b;) was weak (sePoisin Fig.3). This occurred because the estimated
standard errors of;lwere low, while on the other hangwas not improved (sdegure Alin
Appendix A), leading to precise but erroneous estimates. & hhesults thus fully confirm
previous findings showing that the Poisson modahefficient for the analysis of count data
in the presence of overdispersion and/or zerotinfladue to a severe underestimation of the
variance Hinde & Demétrio 1998Ridoutet al. 1998 Richards 2008

The ZIP model, yet performing well in the presemdezero-inflation, was poorly
efficient in the presence of overdispersion, evielow rate. It was actually less efficient than
the Poisson model in most situations. Indeed,dteased the probability to selet in the
wrong part (the excess-zero-part)fasncreased, while leading to oversel&gtin the count
part when it had actually no or low effect. Moreguhe reliability on the estimation @h
was worst than by using a Poisson model: the estmaf the coefficienp; (b;) was more
biased (se€&igure AJ and its standard error was still loRidoutet al. (2001)also outlined
the poor performance of ZIP in the presence of dispersion. But intriguingly, comparing
AIC-values (sed-igure Blin Appendix B showed that ZIP gave lower AIC-values than the
Poisson model. One could think that it outlinede#tdr fit to the data but it was actually due
to confusion between zero-inflation and overdisiparsiuring the model estimation. Actually
the excess-zero-part of the ZIP wrongly compensébedhe presence of overdispersion,
which decreased the AIC even if the model performvedse in term of variable selection
capacities and regression coefficient estimatia@mg@aring Poisson and ZIP models by using
AIC in the presence of overdispersion thus leadwrang conclusions, e.g. supporting the
presence of zero-inflation when there is actuatily @lassical overdispersion.

We suggested that Poisson and the ZIP models shotlbde used for analysing real
ecological count datasets since they do not acctmnbverdispersion, despite unobserved
variability is likely the rule in all biological dasets Burnham & Anderson 2002Recently
however,Linder & Lawler (2012used ZIMs in order to discriminate true and falseos in a
count data of several primate species. They intethe excess-zero part of ZIMs as the result
of false zeros, i.e. the species is present butlatgcted. They found a significant effect of
two variables in the excess-zeros part when usidtPanodel whereas they did not find any
effect when using a ZINB. They interpreted the sseeero-part of the ZIP as a result of
species cryptic behaviour. Based on our resultsprepose that their patterns result rather
from the presence of an additional overdispersibircivis not accounted for when using a
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ZIP. Models accounting for overdispersion, suclihasNB and the ZINB, are thus needed to
draw relevant ecological conclusions.

The performances of NB and ZINB were almost alwagsiivalent even in the
presence of zero-inflation. They provided a bedtegrnative than using a Poisson model or a
ZIP. For instance, they were the more reliable dstimatef; in the presence of both
overdispersion and zero-inflation. ZINB did notfoem much better than NB when focusing
on the estimation of the count part, even in thespnce of high zero-inflation and low
overdispersion (se€ig. 3. The NB model thus remains as relevant as ZINBx@presence
of both overdispersion and zero-inflation, at leaken focusing on the part affecting count
values. The NB is a highly flexible model able tx@unt for overdispersiorGfeene 2008
and, as zero-inflation is a special case of ovpetson, it is not surprising to see that, in a
certain measure, it also dealt with zero-inflat(seeFig.1 and 3 However, NB does not
specifically account for zero-inflation since it doeot distinguish between processes
producing only zeros and others. If one wants sdipay these processes, the ZINB seems
more appropriated. When choosing between NB andBZINis possible to use a likelihood
ratio-test Yuong 1989 Greene 199 a score testRidout et al. 200]) or the AIC (Miaou
1994 Warton 2005

However, the ZINB needs careful considerations beeait has some important
drawbacks. For instance, performing variable seleaivhen using a ZINB instead of a NB
increases the number of candidate model frérto2¥ (Jochmann 2033 with k the number
of candidate variables. The probability to selenba-influential variable in the model is thus
inflated. In our simulations, we also showed tieg tise of a ZINB instead of a NB allowed
selectingX; in the wrong part (the excess-zero-part) withtharahigh probability (about 0.2
to 0.4 depending one the amount of overdisperserFig. 2. This may lead to choose
unnecessary overcomplex models, and thus hiding soportant biological variables due to
an inflated variance Burnham & Anderson 2002 This overparameterization may be
exacerbated if the type of NB is not the most sliteaccount for overdispersion. Indeed, the
common type of NB implies that the variance of theint was equals + 12 / o (the current
default in R softwareR Core Team 2013see alsdolker 2008 p.12twherea was the
dispersion parameteNB( , o) was thus equivalent tBoissonf) whena — + . Even if this
type of NB has been shown useful in most of siturej it may be sometimes not adapted (see
for exampleVer Hoef & Boveng 200) In such case the NB model would not be ableiliy f
correct for overdispersion and the ZINB should temdompensate this by adding parameters
in the excess-zero-part, as would do the ZIP inptiesence of overdispersion. It will be thus
relevant to compare different type of NB (demail & Jemain 2007Greene 2008or using
aleternative models such as the Generalized PoitsemFamoye 1993and references
therein), before concluding zero-inflation is oaouy, guarantying that the apparent zero-
inflation is not due to a misspecification of threriance on the count-part.

To conclude, the use of ZINB over the NB is onlyevant when the studied
population can be truly divided in two subpopulatipone leading to only zeros and one
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leading to both zeros and positive counts (see almxample on the number of offspring
produced by a species where sterile and fertilevitidals are present in the same dataset).
One of the most important issues is likely givingehable interpretation of the excess-zero-
part.Preisseet al. (2012)shows that, in epidemiological studies, the intetggron of ZIMs is
‘often imprecise or inadvertently misleading’. Téeame conclusion may apply in ecology.
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Appendix B

Overdispersion
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CHAPITRE 5 : APPLICATION AUX RAPACES NICHEURS DE
FRANCE

Les difféerents aspects méthodologiques abordés desisprécédents chapitres
permettent maintenant de faire face aux problenssstiques rencontrés lors de l'analyse
d’'un jeu de données de comptages a large-échallgraghique. En particulier le SLOO va
aider a choisir les variables explicatives a ireldans le modele (voir Chapitres 1-3). De
plus, nous avons montré que l'utilisation d’'un mled&ro-enflé a mélange n’est pas toujours
souhaitable pour modéliser 'abondance d’'une espaéee en présence de nombreux zéros
(voir Chapitre 4).

Ce dernier chapitre utilise les méthodes discutagzaravant dans un cadre plus
général qui va jusqu’a I'estimation des paramettegpopulations : distributions, effectifs et
tendances. Pour estimer ces parameétres nous pregpdsailiser la boite a outil R-INLA (au
lieu des filtres spatiaux utilisés dans le prenalapitre), ce qui permet une estimation rapide
des modeles spatialement explicites. Cet outil perdgalement d’interpoler aux sites non-
échantillonnés en utilisant a la fois I'informatides variables explicatives et I'information
sur 'autocorrélation spatiale (seules les varigldgplicatives sont utilisées dans le premier
chapitre). Nous utilisons le jeu de données comglet’abondance des rapaces en France
entre 2000 et 2012, et donnons quelques clésé&mat tes populations de rapaces en France.
L’article présenté ci-aprés sera soumis a une ramte¥nationale mais nécessite encore
guelques modifications. En particulier, les donnded’année 2013 seront ajoutées et une
partie sur les relations entre espéces sera ajoutée

95



Volunteers-based surveys and new statistical tooleffer great
opportunities for biodiversity monitoring across broad spatial

extent.
Authors Le Rest Kévin*, Pinaud David and Bretagnolle \&nt
Centre d’Etudes Biologiques de Chizé (CEBC), CNRERW.934, 79360 Beauvoir-Sur-Niort,
France
Email addresseekerest.k@gmail.coppinaud@cebc.cnrs.aindbreta@cebc.cnrs.fr
*Corresponding author:

Email: lerest.k@gmail.com

Tel: +33 (0)549 09 35 13

Fax: +33 (0)5 49 09 65 26

Manuscript in progress / November 2013

Overview

YN 23S 1 27X L 97
N {0] 16 ox 1 o] N R 98
1) MATERIALS & IMETHODS ....uiiiiiiiiieeeiiaiiiiiietieteaeeeaaasssssieeeaesssassssseeeeeeaeeasaaassnnssneeaaeeessannnns 99
YU 122 (0] o = 99
S Y oA 0 Y N XS] = TR 100
STATISTICAL MODELLING ... eetette e eeiet e e ettt e e e e et sessetaesseemmaaa s e sesas s e e sebaseses b eesssan e sesbaesenessanssns 101
P22y T o == P 103
2N 103
SPATIAL DISTRIBUTION ...cttuuiiittteeiettateeestassssstasesessaaesess st sesssaasssstansessesassessstasssssennnssesstnssas 104
(2O 0 I (0] ] 4 =T 105
) I B =T U1 N 105
METHODOLOGICAL CONSIDERATIONS......cetutuiiittteetittneeeetieesestieeseessaseseetaeesssseesersesrstaneesesnns 105
TRENDS, DISTRIBUTION AND ABUNDANCE OF DIURNAL RAPTORS.....cctttuiiiiitiieiieieeeiesinsessesineeaeens 107

F A == = ] 5T N 109
F AN == = ] 5T )l = J 110
APPENDIX C: RELATIVE ABUNDANCE PER YEAR OF DIURNAL RAPTORS IN FRANCE ........cccvuuvneene 111
APPENDIX D: DISTRIBUTION MAPS OF DIURNAL RAPTORS IN FRANCE ......ccovviiiiiei e 114
REFERENCES GENE RALE S ...iiiiiiiitiiiiti it ttes iomrs st teteesste s tseseteetetestetteteesetesseanmesiseeseeeaseees 125

96



Abstract

The growing public interest in biodiversity projegirovides great opportunities to monitor
biodiversity across broad geographic areas, whichlavbe helpful for collecting global
biodiversity data at low cost. Such volunteers baserveys should however need careful
consideration during statistical analysis sincephesence of residual spatial autocorrelation
and over-heterogeneity is highly expected. Themedevelopment of some statistical tools
now allows accounting for these problems in alpstef the statistical analysis. Especially,
the spatial-leave-one-out method allows accourfongpatial autocorrelation in the variable
selection step while the R-INLA tool box providesseful way to estimate complex spatial
hierarchical models in a minimum computation tinvée applied such approaches on a
dataset collected by volunteers between 2000 ad@ 8iving the relative abundance of 12
raptors breeding in France. We then extracted ighluable information for conservation,
l.e. trends, spatial distribution and populatiaresiof these species. Three raptor species had
significant positive population trend, the Blacktéithe Short-toed Snake Eagle and the
Eurasian Hobby while one species had a significeegative trend, the Common Kestrel.
Overall it appeared that raptors breeding in agucal landscapes were declining whereas
raptors breeding in natural areas such as forest were stable or increasing. R-codes are
provided with the dataset for one species allowepggoducing the work easily.
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Introduction

The ‘2010 biodiversity target’ aiming at a sign#ict reduction in the rate of
biodiversity loss by 2010 has not been achievBdtdhart et al. 201Q Convention on
Biological Diversity Secretariat 201.0This objective has thus been renewed by 202028nd
important biodiversity targets have been proposedidlp in this taskMace et al. 201Q
Perringset al. 2010, 2011 Randset al. 2010. Evaluating whether these targets are fulfilled
relies on the existence of valid indicators reflegt as likely as possible, the truth on
biodiversity condition Butchart et al. 201Q Joneset al. 2011). While existing global
biodiversity indicators were shown to be efficighiy still should be improved by ‘collecting
data in a way that reduce existing bia$drfeset al. 2011). Global indicators are usually
obtained by gathering data from different taxonogricups and their quality is then highly
dependent on the relevance of the primary data (B&dhartet al. 201Q Joneset al. 2017).

A critical way to improve the reliability of globddiodiversity indicators is thus to improve
the reliability of these primary datdgneset al. 2011J). In particular, they should be collected
at broad spatial extent, which is the correct sé@doth population functioning and policy
decision makingJones 201;1Joneset al.2011). Moreover they need to be achieved during a
long time period, insuring that detected trends raoe just due to natural fluctuations of
populations iMagurranet al.2010. However long-term and broad-scale species mongas
very costly while funds to protect biodiversity arery limited, highlighting the need to
maximize the cost-effectiveness of monitoring pamgs (sedones 2011; Jones al.2011).

A promising solution to reduce the cost in collegtprimary biodiversity data arises
with the growing public interest in biodiversity gpects. Especially, the participation of
volunteers in such projects has rapidly grown aber past decade (sé&ckinson et al.
2010. Concomitant to this citizen science wave, nemgmnication tools such as internet
and the free availability of remote sensing databdserr & Ostrovsky 2008 have marked
the emergence of new quantitative approaches abladtiress questions on the species
distribution across very broad geographic ar@ask{nsonet al.2010. However, broad scale
data involving volunteers also raises other concwiitls regard to the statistical analysis to
use since such data may have potentially higharbgéneity than expected by conventional
models (overdispersion, sééinde & Demétrio 1998 and in addition will present strong
spatial autocorrelatiorBgaleet al. 201Q Dickinsonet al.201Q Hothornet al.2017J). In this
paper, we argue that combining broad scale volumtémsed survey and appropriate
statistical analyses is highly valuable to estimgjpecies parameters, such as distribution,
abundance and trends, at spatial scales that leveern addressed so far. We promote the
use of the recent statistic tool box R-INLRueet al. 2009 and its spatial module SPDE
(Lindgrenet al.2011) as an easy way to build powerful statistical madale accounting for
both overdispersion and spatial autocorrelation.

We analysed a dataset collected on bird top preslatoterrestrial ecosystems. Top
predators have a particular role in ecosystemsdimey depend on underlying trophic levels,
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i.e. they are affected by bottom-up forces (Beever 199p However, in a resource limited
world, they may also themselves influence the lotvephic levels, i.e. acting as top-down
forces (sedPower 1992 Bretagnolle & Gillis 201D For instance, predators may regulate
directly prey number, and they may also regulate-m@y’s species indirectly, e.g. they can
regulate plants by regulating herbivores (Sebmitz 200R In both cases, top predators may
provide critical information on the distributioncaabundance of many organisms, explaining
why they are often used as biodiversity indicafmecses for conservation purpos€&€safroll et

al. 2001 Gittlemanet al.2001; Sergicet al. 2005but seeAndelman & Fagan 2000Global
biodiversity indicators should collate as many tamic groups as possible, hence top
predators appear as a case in point. Raptors aieutarly well suited and several studies
have already demonstrates strong links betweeonaptesence and biodiversity (s&ergio

et al.2004,2005, 2006, 2008a,)bConsidering several top predator species is kieneighly
recommendedGarroll et al.2007).

We analysed a national volunteers-based surveyhenabundance of 24 diurnal
raptors breeding in France (about 1000 by 1000dwe) 13 years. We additionally used free
remote sensing climatic and habitat (land covetaskts to link observed abundance with
environmental variables suspected to directly directly influence the raptor abundance. As
said before, a particular emphasis concerns thestgtal analyses done, which should be
conducted accounting for both spatial autocorretatind overdispersion in each step of the
modelling scheme, from variables selection to maggedictions. To do so during the
variables selection step, we used the spatial-teaeeout method (SLOQ,e Restet al.
2014, which allows choosing relevant variables whil@iding undesirable effect of spatial
autocorrelation. Variables selected were then used spatial explicit negative binomial
model, i.e. a model accounting for both spatiabeotrelation and overdispersion. Predictions
were made from this model over the entire studie@.aSpatial analyses and predictions are
conducted using the promising tool box R-INLA ardd Recodes are made available for
further uses.

1) Materials & Methods

Study models

Raptors (birds of prey) are predators that belongcpally to families Accipitridae and
Falconidae Raptors have long been used as biological inglisan terrestrial ecosystems
(seeNewton 1979; Sergiet al.2004,2005, 2006, 2008a)bThere are 24 breeding species of
diurnal raptors in Francd iollay & Bretagnolle 2004 many of them being present in tiny
numbers either because their breeding habitat s¢riceed, or because their breeding
distribution is very limited. We focus here on tiirst 12 most abundant species of France,
which are (in decreasing order of abundance) thenr@on BuzzardButeo butep the
Common KestreFalco tinnunculusthe Eurasian Sparrowhawkccipiter nisus the Black
Kite Milvus migrans the European Honey Buzzargrnis apivorusthe Hen HarrieCircus
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cyaneusthe Eurasian Hobblralco subbutepthe Northern Goshawkccipiter gentilis the
Montagu’s HarrielCircus pygargus the Red KitéMilvus milvus the Short-toed Snake Eagle
Circaetus gallicusand the Marsh HarrieZircus aeruginosus

Survey & datasets

The dataset used concerned a national survey aitoingonitor diurnal raptors breeding in
the whole country of France. Field surveys wereiedrout by volunteer ornithologists (under
the supervision of the National NGlOgue pour la Protection des Oisegux”O) and data
were analysed by a scientific research lab (ther€ehEtudes Biologiques de Chizé, CEBC).
The field protocol as standardised as much as lpesbut remained simple. It consists in
counting the total number of breeding pairs of eemptor species on a 25-km2 quadrats
during several field sessions in the whole breedsegson (5x5 km; se&hiollay &
Bretagnolle 2004; Le Rest al.2013for details). The survey began in 2000 by thresryef
intensive field work (2000, 2001 and 2002) with thain aim to obtain an accurate starting
point about the distribution and population sizeraptors in France. From then a yearly
monitoring program was set up to estimate trendsdsstribution shifts, but based on a much
lighter sampling scheme surveying about one hundreatirats by year. However, several
years were needed before enough volunteers wemdved/ to reach the objective of one
hundred quadrats by year (Sesble ).

Table 1: Number of quadrats surveyed per year betwen 2000 and 2012.

Year 2000 2001 2002 2003 2004 2@m®6 2007 2008 2009 2010 2011 2012
Number

of quadrats 440 630 190 5 7 21 40 71 95 96 8301 79
surveyed <J \ & 4

Since the years 2003 and 2004 had only 5 and 7ragisaslurveyed respectively, they were
assigned to 2002 and 2005 respectively, whichdetb6 and 28 quadrats instead of 190 and
21 for these two years (s@able J. In total, 1848 quadrats were surveyed betweel 200
2012, corresponding of 1367 distinct locations coggwidely the studied area (sEg.1).
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Figure 1: Position of the 1848 quadrats surveyed b&een 2000 and 2012, the grey scale indicates the
number of time each quadrat were surveyed during tts period, from 1 in light grey to 8 in black.

Each quadrat was thus described using environmeatelbles using climatidHjjmanset al.
2005 Bioclim, www.worldclim.org/bioclin) and a land cover (CLC: Corine Land Cover,
www.eea.europa.g¢uremote sensing datasets. The climatic datasedisted in 19 variables
measured between 1960 and 1990, which providecdhgstestimates of measures such as
average temperature, rainfall, temperature vana#iod rainfall variation at a resolution of
approximately 1-km. Not surprisingly, high corrébais occurred between several climatic
variables. In order to overcome multicollinearigyprincipal component analysis (PCA) was
performed on this dataset and principal componarts used as climatic variables. The label
“ClimDim.x” was used to nominate the xst princigaimponent from the climate dataset. The
land cover dataset had 44 variables depicting lasel in 2000 on a 100 x 100 m cell
resolution. From these 44 classes, 9 habitat hgfasses were built from a functional
(ecological) point of view for raptors (sé@ble Alin Appendix A. The percentage of
coverage per 25-km2 quadrat was calculated for ehtitese habitat hyper-classes.

Statistical modelling

Climatic and land cover variables are useful for ellimy abundance of raptor species
and have largely been used already (see for exaBgbaneet al. 2003 Bustamante &
Seoane 20Q4Hothornet al. 2011, Le Restet al. 2013. However, all of them may not be
always necessary. We thus performed a variabletsmiefor each species, able to select the
more relevant variables assuming a trade-off batweedel complexity and data fitting (see
Burnham & Anderson 2002Since residual spatial autocorrelation was preke all studied
species, we used the spatial-leave-one-out (SLOEHad instead of the AIQ_é Restet al.
2014. SLOO consists in doing a leave-one-out crosslaibn but where the spatially
autocorrelated observations between the validamhthe training sets are removed. SLOO
allows performing variables selection in an easy,ve&counting for both the residual spatial
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autocorrelation and the autocorrelation presettienvariables (selee Restet al.2014for full
details).

Once a set of variables had been selected for spebies, we computed negative
binomial generalised linear mixed models (herea&eMM) with a distance-based spatially
structured random effect (again for each specigks)egative binomial model was used to
account for an (over)heterogeneity in the data @verdispersion, sedinde & Demétrio
1998, mainly expected due to heterogeneous detectpadities between observers. The
count data thus did not represent the true abumdémt the abundance relative to the
observer’s detection. The aim was to extract thammef this relative abundance, i.e. how
many breeding pairs a medium observer will likegtettt in a given location? The negative
binomial model allowed high stochastic variationsuad the mean, which recognizes a high
heterogeneity between counts values (Sezene 2008 As the detection probability for each
observer was not available in this survey, it was pussible estimating the true abundance
(seeRoyle & Nichols 200R

The negative binomial models were computed with istadce-based spatially
structured random effect in order to account faideal spatial autocorrelation (sBealeet
al. 201Q Saas & Gosselin 2014We used the R-INLA tool box for estimating thesedels,
which allows fast Bayesian inference using the grated nested Laplace approximation
(INLA, Rueet al. 2009. R-INLA tool box proposes an easy way to compedatinuous
spatial processes by using the stochastic parifif@rential equation (SPDE) method with a
Matérn covariance matrix (selendgren et al. 2011). Note that the Matérn covariance
function is a flexible form of covariancé.ifidgren et al. 2011 and have been shown to
perform well with the SPDE method (se@dgrenet al. 2011 Beguinet al. 2012 Camelleti
et al. 2012; Lindgren 2013 There has been a recent and flourishing humbeapers and
tutorials about this method, making possible thanedion of complex spatial models
possible in a minimum computation tineQuinet al.2012 Camelletiet al. 2012;Lindgren
2013; Lindgren & Rue unpublished; Krainski & Lin@gr unpublished Using R-INLA with
SPDE necessities to construct a constrained refDeldunay triangulationKfainski &
Lindgren unpublishéd called ‘mesh’. Since our data locations werdeatregularly spaced,
we defined the ‘mesh’ from data locations with oagry weak refinements (séeg. B1in
Appendix B. For more details on this step, see the ‘workpmgress’ SPDE tutorial
(Krainski & Lindgren unpublished

For each species, we considered only the besttsobgariables selected for statistical
inference because model averaging is not alwaysgbtforward with spatial hierarchical
models.For instance, the random spatially structured teray compensate the omission of
an important ecological variable if this variablasnitself spatially structured (se®dges &
Reich 2010, but one should prefer the information given byasiable than the one given by
a random term.

For each raptor species, we estimated the linepulation trend between 2000 and
2012, the relative abundance for every year, théiapistribution (i.e. the relative number of
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pairs per 25 km2 quadrat) and the population siee the number of pairs in France). Linear
trends were obtained by considering the year eféecta continuous variable and were
represented as the average rate of change peligg@aairs). Relative abundances per year
were obtained by considering the year as a fatitad effect). We presented these results as
the slope for abundance between 2000 and 2012 {ekme2003 and 2004, sewirvey &
datasetsection). The spatial distribution was obtainedubing the prediction of count mean
over a grid of France (22 363 quadrats of 25 kexjpressed in a log-scale for easier view.
The maps of standard error of these distributiorsevalso given (se&ppendix Cand D).
Finally, the relative population size was estimatgd sampling 10’000 times from the
approximated posterior distribution of the model authming the predicted values for the
whole country. This process allowed estimating % 3®nfidence interval (2.5% and 97.5%
guantiles) for the estimated population size. Nb& the function used for sampling from the
approximated posterior is a function in progres®{sla.posterior.samplm R).

2) Results

Trends

Table 2: Linear trends of raptors between 2000 an@012. Trends are done in average
rate by year, i.e. rates inferior to 1 indicates @aecreasing population trend.

—_ Quantiles 2.5% 50% 97.5%
Species
Buteo buteo 0.994 1.002 1.009
Falco tinnunculus 0.979 0.987 0.994
Accipiter nisus 0.985 0.995 1.004
Milvus migrans 1.008 1.023 1.039
Pernis apivorus 0.990 1.003 1.017
Circus cyaneus 0.976 0.991 1.005
Falco subbuteo 1.002 1.016 1.031
Accipiter gentilis 0.986 1.002 1.019
Circus pygargus 0.968 0.988 1.008
Milvus milvus 0.981 1.019 1.059
Circaetus gallicus 1.013 1.032 1.052
Circus aeruginosus 0.966 0.989 1.014

Most species showed non significant linear trendsha 0.05 level (sedable 3
between 2000 and 2012, indicating either stablauladipn size or undetected trends. Three
raptor species had a positive trend, the Black Kileus migrans the Eurasian Hobblyalco
subbuteoand the Short-toed Snake Ea@l&@caetus gallicus One species had a negative
trend, the Common KestrEhlco tinnunculus
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Figure 2: Relative abundance per year for Common Bzzard Buteo buteo Points are the mean and lower
and upper bounds represent respectively the 2.5% ahthe 97.5% confidence intervals. Results for other
species are shown il\ppendix C.

In spite of non-significant linear trends, many oapt such as Common Buzzard, had
significant inter-annual variations (s€&. 2 andAppendix Q, suggesting a high variability
in the numbers of breeding pairs between yearssd fflactuations were likely due to pairs
not breeding every year (i.e. floaters), which waswn to occur frequently for raptor species
(seeSergioet al.2009.
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Figure 3: Spatial distribution (left: relative number of pairs, abundance right: standard error of
predictions at log-scalesd) of Common BuzzardButeo buteo Maps for other species are shown in
Appendix D.
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Distribution maps gave a accurate estimation ofrélative number of pairs over a
large part of France (séeg. 3 andAppendix D. However some areas remained often more
imprecisely estimated (se&ppendix D, which mainly occurred for less sampled habitats
such as high mountains, cities or for less samplesh such as borders or islands (e.g.
Corsica).

Population size

Table 3: Relative number of breeding pairs in Frane for the year 2000. The 2.5%, 50%
and 97.5% quantiles are given.

— Quantiles 2.5% 50% 97.5%
Species
Buteo buteo 148 970 159 173 170 363
Falco tinnunculus 101 870 108 535 115679
Accipiter nisus 43 101 47 088 51 462
Milvus migrans 25671 30 448 36 243
Pernis apivorus 19 298 21993 25082
Circus cyaneus 13694 15 818 21 843
Falco subbuteo 11 661 13 447 15611
Accipiter gentilis 7128 8 606 10434
Circus pygargus 5600 7 075 9 062
Milvus milvus 3487 4 992 7 303
Circaetus gallicus 3 295 4 370 5775
Circus aeruginosus 2 887 4108 6 470

All models allowed estimating fairly precisely thepulation size (se€able 3. However for
Circus cyaneussix quadrats (over the 22 363 used, i.e. the evippediction grid) were
ignored because of non-consistent estimations (@omee several millions of pairs on these
25 km? quadrats).

3) Discussion

Methodological considerations

Recent advances in spatial statistics now offeraggortunity to account for major
problems in the analysis of spatial count data,hsas spatial autocorrelation and
overdispersion, in a completed framework. We accmlifior spatial autocorrelation during
the variable selection step by selecting the véglwith the SLOO method instead of AIC
(seeLe Restet al. 2014, which avoided the selection of overly complexdels (seeDiniz-
Filho et al. 2008 Le Restet al. 2014). Then, the statistical model combined environrakent
variables and a spatial explicit random term. Emvinental variables were extracted from
remote sensing datasets, which allows predictingsgregial distribution of species across
broad spatial extent while accounting for basicimmental variability Elith & Leathwick
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2009. On the other side, the spatial explicit randemmt was helpful for two purposes: first
correcting for the estimation of the variables eti§e which otherwise will be affected by the
residual spatial autocorrelation (s@&eale et al. 2010; and second improving spatial
predictions by interpolating the spatial term atampled locations. Such model was thus
especially useful for prediction purposes. The mécdevelopment of the statistical tool box R-
INLA (Rue et al. 2009 allowed estimating such complex spatial hierar@himodels in
several minutes while it could need several hourgdays with MCMC (sedBeguinet al.
2012.

Some studies had already proposed general framawarkler to analyse broad scale
count data. For instancelothornet al. (2011) recently provided an approach decomposing
the environmental, the spatial and the spatio-teaipffect in a single model. They applied
such method in order to predict the presence/absefcRed Kite and the number of
Orthoptera species in Germany. The same set ofteesemsing datasets than here was used
as environmental variables. However the spatiath tesed was a non-linear function of the
geographic coordinates, which only removed largdesspatial trends but not accounted for
fine scale residual spatial autocorrelati@o(mannet al. 2007 Bealeet al. 2010. Another
suited method to account for residual spatial autetation in count data regression is the
spatial filtering techniquelray et al.2006 Griffith & Peres-Neto 2006 It consists in adding
several spatially autocorrelated eigenvectors énnlodel, which are calculated from a weight
matrix reflecting connectivity between locatiorsininget al.2009used a negative binomial
regression model adding some spatial filters tol e@tn residual spatial autocorrelation.
However, spatial filtering, yet being convenientcrrect for undesirable effect of residual
spatial autocorrelation, seems less adapted fdragaediction on new locationBivand
2002. The approach used here based on a spatial GLM#&Mmed thus having high
advantages over the other methods, especially fedigiton purposes, which was also
supported byeguinet al.(2012)

Beyond these spatial aspects, there is also anptiebtem to address when using
volunteers based surveys. It concerns the highrdgtaeity amongst observer performances
(Dickinson et al. 2010. To overcome this issue, usually a great carengsed on field
protocols, with recording of observer performantebe taken into account in the statistical
analysis (se®oyle & Nichols 2003Royle 2004. But at of broad-scale, such information are
difficult to obtain for most studies, either eithieecause protocols correcting for observer
detection were not yet available when the surveyabeor because it involves too much
constraint for volunteers participating to the syrvThe least to do in such case is to account
for the expected over-heterogeneity by using stedismodels accounting for overdispersion
(seeHinde & Demetrio 1998 e.g. by using a negative binomial model. Overelision
would otherwise affect the estimation of regressioafficients by artificially reducing their
uncertainty (se®ichards 2008 It is usually due to the omission of importamiormation in
the model (Hinde & Demetrio 1998 and here likely occurred due to the absence of
information on the observer performances. Modelsoaiting for overdispersion usually
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assume that the over-heterogeneity is random icespad time, i.e. constant overdispersion.
Here, we cannot rule out that volunteers may irsgdheir performances through time but the
random sampling of surveyed quadrats preventedlémge extent such learning effect (see
Jiguet 200% In addition, over the years different observeusveyed the same quadrats,
providing some random variability in time. The mairawback in using such approach was
that it did not allow addressing the estimationtafe abundance but rather a relative
abundance. Even if relative abundance may sometib@sconvenient for population
monitoring Engeman 2003 it was however not suited for monitoring rarecdps because
the true density becomes a measure of great ittdiledy reflecting a risk of extinction
(Courchampet al. 1999. We thus encourage using some measure of thetidetg@robability

in the field protocol, e.g. by using the replicatedint methodologyRoyle 2004.

Trends, distribution and abundance of diurnal raptars

Three raptors species out of the 12 studied shaagnificant increasing population
trend in France: the Black Kite, the European Hobhhy the Short-toed Snake Ea@tee
Table 3. The Black Kite is an opportunistic species abl@adapt its diet according to food
availability and is able to live sometimes quit@sdly to humans activities (e.g. cities
neighbours, open waste). Despite that the IUCN Ristl (www.iucnredlist.ory not yet
provides trend for this species, it was not sunpgisthat the population of this species
increased in France, which was also support byha&nobhdependent breeding bird survey in
France (STOC, seéiguetet al. 2019. In addition, as for Short-toed Snake Eagle, such
species may currently benefit from global warmimbe species range does not yet entirely
cover France (segppendix D whereas suitable breeding habitat are preseetwbbre, e.g.
on the northern-west coast. France is a major cgufar this species since breeding
population size was estimated about 30 000 pa#esT@ble 3§ whereas European population
size is estimated between 64000 and 100000 p#BgdLife International,
www.birdlife.org). Moreover we shown an increasing population tr&geeTable 3, which
additionally outlined that the Black Kite populatianfine in France. The Short-toed Snake
Eagle is a species mainly eating reptiles and ésgunt in the southern-east of France (see
Appendix D. The IUCN outlined a stable population trend veaesr STOC supported an
increasing population trend yet not significant.r@asults showed a marked increasing
population trend, which must be set in relationh® high potential of northern colonisation
for this species. The main limitation of northewlonisation was likely the prey’s resource
but as temperatures warmed, one could hypothesatetlie Short-toed Snake Eagle should
find more suitable habitats in north of France aspecially more reptiles. It remains to check
if a northern shift was observed, which has beawshfor some other raptor species, e.g. in
the wintering distribution of Northern American tags (La Sorte & Thompson 200.7France
IS again a major country for this species sincesdireg population size was here estimated
about 7 000 pairs (sé&ble 3 whereas European population size is estimatesdaet 8 400
and 13 000 pairs (BirdLife International). Note hemer that these estimates are not directly
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comparable and only give a vague idea of the inapoe of France for this species. The
increasing population trend (s€able 9 assessed that the Short-toed Snake Eagle papulati
is also fine in France. The European Hobby likes ghesence of water and heterogeneous
agriculture providing large trees for nesting.ifisreasing population trend was less expected
than for two others since the IUCN suggested aedsing population size and STOC a non-
significant decrease. However it is a poorly stddiptor species in France, difficult to detect
due to its behaviour (mainly evening activity). §maptor monitoring scheme thus provided
important new knowledge about the trend of thiscgsein France. With a population size
about 13 000 pairs in France (s€able 3, which was likely still underestimated due its
cryptic behaviour, and a slightly increasing popala trend (se€elable 3, the European
Hobby seems fine in France.

Only a single species showed a significant dearggsopulation trend (seBable 2,
the Common Kestrel, which is the second most alnirdiarnal raptor species in France (see
Table 3. Although this decrease was not seem alarmingngithe current population size
(over 100 000 pairs, sekable 3, it is actually however significant, and incidalhy, the
IUCN and STOC also proposed the same populatiodiréhe Common Kestrel decline is
likely to be related to farmland habitat degradatime to intensification of agriculture (see
Chamberlairet al.2000. Others species breeding in agricultural landssag#ch as the three
Harrier species, Hen, Montagu’s and Marsh, are éésdining even if their estimated trends
were not significant (se€able 3. A particular attention would thus be given foetraptors
species breeding in agricultural landscapes. Caeilgr most raptors breeding in natural
habitats showed no specific trends or increasiegds. It was not surprising to see that
raptors breeding in forest, such as the Northersh@ak and the European Honey Buzzard,
had a quite stable population trend since the p&ge of forest in France remained stable
between years. These population trends were elsevdmmilar to the information given by
the IUCN. Finally, species breeding in semi-natanaas or at the junction between natural
and anthropized areas, such as the Common Buzhard&urasian Sparrowhawk or the Red
Kite, had quite uncertain population trends ($able 2andAppendix Q even if they looked
stable at first seen. The IUCN and STOC gave cdittiary information on the population
trends of these species. Future monitoring willsthe helpful for determinate the status of
these raptors in France.
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Appendix A

Table Al: The nine habitat hyper-classes used in ouanalyses and the Corine Land Cover initial
classification. One row corresponds to one initialCorine Land Cover class, which is defined by three

distinct labels.

44 Corine Land Cover nome

nclatures

Label 1

Label 2

Label 3

9 Habitat
hyper-classes

Artificial surfaces

Urban fabric

Continuous urban fabric

Anthropic areas

Artificial surfaces

Urban fabric

Discontinuous urban fabric

Anthropic areas

Artificial surfaces

Industrial, commercial and transport units

Industrial or commercial units

Anthropic areas

Artificial surfaces

Industrial, commercial and transport units

Road and rail networks and associated
land

Anthropic areas

Artificial surfaces Industrial, commercial and transport units| Port areas Anthropic areas
Avrtificial surfaces Industrial, commercial and transport units| Airports Anthropic areas
Avrtificial surfaces Mine, dumps, and construction sites Mineral extraction sites Anthropic areas
Artificial surfaces Mine, dumps, and construction sites Dump sites Anthropic areas

Artificial surfaces

Mine, dumps, and construction sites

Construction sites

Anthropic areas

Artificial surfaces

Artificial, non-agricultural vegetated areas

Green urban areas

Anthropic areas

Artificial surfaces

Artificial, non-agricultural vegetated areas|

Sport and leisure facilities

Anthropic areas

Agricultural areas Arable land Non-irrigated aralaled Intensive agriculture
Agricultural areas Arable land Permanently irrighlend Intensive agriculture
Agricultural areas Arable land Rice fields Interesagriculture
Agricultural areas Permanent crops Vineyards Permanent agriculture
Agricultural areas Permanent crops Fruit trees and berry plantations Permanent agriculture
Agricultural areas Permanent crops Olive groves Permanent agriculture
Agricultural areas Pastures Pastures Extensiverrfgrm

Forest and semi-natural are

¥ SS:crub and/or herbaceous vegetation
associations

Natural grasslands

Extensive farming

; . Annual crops associated with permanel Heterogeneous
Agricultural areas Heterogeneous agricultural areas P P €rog
crops agriculture
) . - Heterogeneous
Agricultural areas Heterogeneous agricultural areas Complex cultivation patterns agricult?Jre
Land principally occupied b
. . 1l SN e Y Heterogeneous
Agricultural areas Heterogeneous agricultural areas agriculture, with significant areas of agriculture

natural vegetation

Agricultural areas

Heterogeneous agricultural areas

Agro-forestry areas

Forest areas

Forest and semi-natural are

as  Forests

Broad-|davests

Forest areas

Forest and semi-natural are

s Forests

Coniferaastfo

Forest areas

Forest and semi-natural are

s Forests

Mixed forest

Forest areas

Forest and semi-natural areg

Scrub and/or herbaceous vegetation
associations

Moors and heathland

Transitional areas

Forest and semi-natural areg

Scrub and/or herbaceous vegetation
associations

Sclerophyllous vegetation

Transitional areas

Forest and semi-natural are

Scrub and/or herbaceous vegetation
associations

Transitional woodland-shrub

Transitional areas

Forest and semi-natural areas  Open spaces wighditho vegetation Beaches, dunes, sands Opes area
Forest and semi-natural areas  Open spaces wighditho vegetation Bare rocks Open areas
Forest and semi-natural areas  Open spaces wighditho vegetation Sparsely vegetated areas QOpes a
Forest and semi-natural areas  Open spaces wighditho vegetation Burnt areas Open areas
Forest and semi-natural areas  Open spaces wighditho vegetation Glaciers and perpetual snow nGpeas
Wetlands Inland wetlands Inland marshes Wetlands
Wetlands Inland wetlands Peat bogs Wetlands
Wetlands Maritime wetlands Salt marshes Wetlands
Wetlands Maritime wetlands Salines Wetlands
Wetlands Maritime wetlands Intertidal flats Wetlands
Water bodies Inland waters Water courses Wetlands
Water bodies Inland waters Water bodies Wetlands
Water bodies Maritime waters Coastal lagoons Wetlands
Water bodies Maritime waters Estuaries Wetlands

Water bodies

Maritime waters

Sea and ocean

Used as offset
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Appendix B

e
Bl 2

Figure B1: Constrained refined Delaunay triangulaton used for building spatial GLMM. Triangles
vertices in the studied area (France, black contoQrare data locations.
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Appendix C: Relative abundance per year of diurnal raptors in

France
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The European Honey BuzzardPernis apivorus The Hen Harrier Circus cyaneus
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The Montagu’s Harrier Circus pygargus
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Appendix D: Distribution maps of diurnal raptors in France
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The Red Kite Milvus milvus

The Short-toed Snake Eagle Circaetus gallicus

The Marsh Harrier Circus aeruginosus
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DISCUSSION GENERALE

Le probleme de confusion spatiale

Le principal probleme des modéles spatialementigigd actuels est que la plupart
négligent une possible redondance (collinéarité)eele terme spatial et certaines variables
qui sont elles mémes spatialement autocorréRRegfiet al. 2006; Hughes & Haran 2013
Ainsi, l'utilisation d'un terme spatial peut condelia cacher I'effet d’autres variablésodges
& Reich 2010. Ce probléme de confusion entre le terme spatidés variables présentes
dans le modéle a conduit a penser que le fait dpasetenir compte de l'autocorrélation
spatiale résiduelle pouvait affecter grandemendtiteation des coefficients de régression
(c'est a dire la moyenne des effets), voir mémeliser I'effet de certaines variabld§ifhn
2007. Le premier chapitre de cette thése montre é@aifl lui aussi que I'ajout d'un terme
spatial (dans ce cas un ensemble de filtres spat@anduit a inverser |'effet de certaines
variables. Il est pourtant bien connu que d'un paie vue théorique, la présence
d’autocorrélation résiduelle affecte principaleme&ntvariance des estimations (v@ressie
1993 p. 1-2h Dans ce premier chapitre, nous avons donc r@&dligfluence de la
collinéarité entre les filtres spatiaux et les ables utilisées en évoquant le fait que la

bY

corrélation était toujours inférieure a 0.5. Le ljéme est que méme si ces corrélations
étaient peu élevées, chaque variable était sousamélée a un grand nombre de filtres
spatiaux, ce qui conduisait tout de méme a uneicollibéarité importante (voiifable C1
dans IAnnexe Cdu Chapitre ). Sans surprise ce sont les variables qui présenta plus
forte multicollinéarité avec les filtres spatiauni q¢gonduisaient a un changement important
des coefficientsghift) entre le modele spatial et le modele non-spddes études en écologie
ont déja essayé d’élucider la raison desteft’ des coefficients mais n'y sont pas parvenues
(Hawkins et al. 2007; Bini et al. 2009, concluant méme qu’il n'est pas possible de
I'expliquer Bini et al.2009. Il est donc nécessaire d’alerter rapidemenutéisateurs de ces
méthodes de la raison de cghift’, qui est en fait simplement lié a un probléeme de
multicollinéarité lors de l'utilisation de certainsodeles spatialement explicites.

Validation croisée spatialisée et régression spatetestreinte

Malgré le nombre important de méthodes existantas pnodéliser des données
spatialement structurées, certains problemes mpastencore de solution clairement définie.
C'est particulierement le cas pour l'étape de d#ec de variables en présence
d’autocorrélation résiduelle et de surdispersiampEatique, ces problemes sont la plupart du
temps ignorés durant cette étape (Withn et al. 2009; Mellin et al. 2010; Vaclavik et al.
2017), bien que cela puisse conduire a considérer aeelms trop complexe®iniz-Filho et
al. 2008; Richards 200B La solution proposée et discutée dans les aleapt et 3, basée sur
une procédure de validation croisée spatialiséeyres méthode relativement simple pour y
remeédier. Son principal atout provient de sa caaxitraiter le probleme d’autocorrélation
résiduelle sans faire appel aux méthodes d’esimatomplexes normalement nécessaires
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(voir Diggle et al. 1998; Beale et al. 2010. De plus, elle permet de tenir compte de
I'autocorrélation présente dans les variables @liémes, chose que les modeles spatialement
explicites actuels négligent (voir le problemecoafusion spatialeslodges & Reich 2010
rendant ces méthodes douteuses pour la sélectoradables.

Une solution proposée au probleme de confusioniadpatonsiste a utiliser une
régression spatiale restreinte, ou le terme spegtabrthogonal aux variables présentes dans le
modele Reichet al. 2006; Hodges & Reich 2010Hughes & Haran 20)3 Cette méthode
vient d'ailleurs tout juste (en Aot 2013) de donheu a la création d’'un package pour le
logiciel R nommeé ‘ngspatial’ Hughes in preds qui reprend les modeles de Julian Besag
(Besag 1972 Besaget al. 1991), mais en corrigeant le probleme de confusioniaigatLe
probleme de la sélection des variables reste néasntoujours problématique dans le cas
d’'une régression spatiale restreinte. En effet, idénsr un modele spatialement explicite
restreint pour chaque ensemble de variables pessilviduirait a estimer des termes spatiaux
différents a chaque fois (car orthogonaux aux Wéem présentes), rendant la comparaison
entre les modéles douteuse. Par ailleurs, I'utibgad’un terme spatial unique, orthogonal a
toutes les variables disponibles, est difficlememtisageable car a chaque fois qu’'un modéle
évalué n’integrera pas toutes les variables autéléms, la structure résiduelle sera affectée et
donc le terme spatial commun ne sera plus adapté.ddlution pourrait étre de considérer
'ensemble des variables dans un méme modéle nmaisoatraignant 'estimation des
paramétres par une méthode de régularisation tellajuégression Lasso (présentée dans
I'introduction), ce qui donnerait la régression $@sspatiale restreinte. Néanmoins, a ma
connaissance, il n’existe pas encore d’outils pEstimer ce genre de modele. La procédure
de sélection par validation croisée spatialiséefrmpaguant a elle permettre de sélectionner les
variables dans un tel cas de figure, variables dgwiront ensuite étre intégrées dans une
régression spatiale restreinte.

Application de la validation croisée spatialisée d& d’autres cadres

La validation croisée spatialisée, détaillée dasschapitres 2 & 3, peut étre modifiée
pour traiter le cas d’autocorrélation résiduell@mperelle ou méme spatio-temporelle. Il suffit
de retirer les données autocorrélées dans le tgmipsvalident la validation croisée standard.
Par analogie, la méthode peut aussi étre utilisés das cas non-spatiaux ou I'autocorrélation
résiduelle est délimitée a des entités bien dé&fjriemme par exemple des individus. Il suffit
alors d’exclure toutes les observations de I'ergitéquestion. Ce genre de procédure a déja
éte largement utilisée, portant parfois le nomlete/e-one-individual-ou{LaFranceet al.
2003; Sakar & Kursun 2010 Cette procédure est surtout mise en place paaiuér le
pouvoir prédictif du modeéle choisi plutét que posglectionner les variables affectant
I'ensemble des individus. Néanmoins, il a été réoemt montré que ce genre de procédure
est asymptotiquement équivalent a utiliser 'AlCnglde cadre de modeles mixtdsafg
2011, plus précisément équivalent a I’AIC marginalAl@ (voir Vaida & Blanchard 2005
ce qui renforce sa validité pour la sélection dembées.
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Par ailleurs, la validation croisée spatialisée pouraussi étre utilisée pour
I'estimation des parametres. On parle alors pladtackknife (Quenouille 1949, 1956
Tukey 1958 dont la procédure est similaire au leave-one{wair Miller 1974) mais ou
I'objectif est cette fois I'estimation des paranestrUn tel procédé a déja été proposé (voir
Lele 1991; Cressie 1993 Kramer et al. 2000) mais a été rapidement supplanté par
I'apparition des modeéles de régression spatialerepiicites. L’avantage de ces derniers est
gu'en plus de tenir compte de l'autocorrélationideéslle, ils permettent d’utiliser cette
information pour la prédiction aux sites non-échilmmnés (comme cela a été réalisé dans le
chapitre 5), du moins si le point a prédire se séugne distance inférieure a la portée de
I'autocorrélation résiduelle.

Le postulat de stationnarité

Un aspect important des modeles pour les donndagge échelle qui n'a pas été
deétaillé au cours de cette these concerne le respepostulat de stationnarité. Il convient
cependant de bien différencier la stationnaritd’'eféet des variables et la stationnarité du
terme spatial. Dans le premier cas, cela signifie la relation entre la variable réponse (par
exemple I'abondance d’'une espéce) et les varialilksées dans le modele (par exemple la
quantité de forét) est constante dans I'espace Q&horneet al.2007; Hothornet al.2011;
Hawkins 2012 Miller 2012). Dans le second cas, cela signifie que la straafes résidus a
les mémes propriétés quelque soit la position desgace (voiMyers 1989. On suppose en
général une stationnarité de second ordre, c’edireaque la moyenne et variance sont
invariantes par translation. Supposer la statiatéhde 'effet des variables pour 'ensemble
de la zone d’étude lorsque celle-ci est grande peuntbler irréaliste (voiHothorn et al.
2011; Miller 2012). Néanmoins il est relativement facile de corrigexr cas de non-
stationnarité. La solution la plus simple consstajouter des interactions entre les variables
qui sont elles mémes spatialement structurbie¢ 2012). Une autre solution similaire est
d’ajouter des interactions entre les variablesséils et la position des observations dans
I'espace (interactions possiblement non-linéaikastie & Tibshirani 1993 Osborneet al.
2007; Hothornet al. 2011). Le postulat de stationnarité fait sur les prég@s de la structure
résiduelle est lui aussi peu réaliste pour des dmélarge échelletHgas 199Q Fuentes
2002, etil existe également des outils simples pour err temnpte, comme une distorsion
artificielle de l'espace pour recouvrer des pragséhomogénesSampson & Guttorp
1992 ou considérer seulement des sous ensembles hogw§taas 1990, 1995L'écart a
la stationnarité (au moins du second ordre) espasge faible si la composante fixe du
modele est bien spécifiée car il reste alors umeerésiduel vraisemblablement homogene.
Notons que ces principes s’appliquent aussi powr dennées temporelles ou spatio-
temporelles (voiCressie & Wikle 201pour plus de détails).

La validation croisée spatialisée, présentée dasschapitres 2 & 3, nécessite le
respect du postulat de stationnarité des variaBliese n’est pas le cas la méthode risque de
ne pas détecter des variables importantes, comtaesegroduit pour le Busard cendré dans
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le chapitre 3. Il faut donc inclure les interacti@uspectées parmi les ensembles de variables
a traiter ou éventuellement inclure des interastiavec I'espace si cela n’est pas suffisant. La
validation croisée spatialisée ne nécessite patreqguas nécessairement de respecter le
postulat de stationnarité sur I'intensité (la vac@) de I'autocorrélation résiduelle puisqu’elle
se contente de retirer les données qui posentrdbemes. Il reste cependant nécessaire de
respecter ce postulat de stationnarité sur le patrande portée de I'autocorrélation résiduelle.
Une petite modification de la méthode pourrait néainsipermettre de traiter ce cas de non-
stationnarité, par exemple en faisant varier daspéce la taille du buffer visant a retirer les
données autocorrélées. Il en va de méme pour leophEne d’anisotropie.

Liens entre autocorrélation résiduelle et surdispesion

Nous avons pu voir que les causes de l'autocoivélaésiduelle et de la surdispersion
étaient en fait généralement liees a une mauvaisefeation du modele (voir chapitre 3 &
4, Hinde & Demétrio 1998 Dormannet al. 2007). Cette mauvaise spécification se produit
généralement en raison de l'omission de variableportantes mais inconnues, non
mesurables ou non mesurées. A partir de ce corilsest, possible d’identifier deux cas de
figures pour mieux comprendre les différences stressemblances entre I'autocorrélation
résiduelle et la surdispersion.

1*" cas de figure - Lorsque ces variables non-obssraéesont pas autocorrélées ni
dans le temps ni dans I'espace, leur omission dosoiplement a augmenter I’hétérogénéite
non-expliqguée, due au fait que la variance de eembles n’est pas prise en compte par le
modele. Cela ne pose pas de probléme particulies Bacadre du modele linéaire classique
puisque celui-ci estime un parameétre de variasfcgui reflete justement celle non prise en
compte par les différents termes du modéle. Unlprnoé se produit par contre lorsqu’il n’y a
pas ce parametre de variance dans le modele, cartesele cas pour la régression de
Poisson ou la régression binomiale.

2°M cas de figure - Lorsque ces variables non-obssrsést cette fois autocorrélées
dans le temps et/ou dans I'espace, leur omissioduiba la fois a de I'hétérogénéité non-
observée et a de lautocorrélation résiduelle. tdearrélation résiduelle n’est pas un
probléeme en soit mais conduit a surévaluer le nendierdonnées indépendantes (dans le cas
de l'autocorrélation positive) et donc de surévabugssi le nombre de degrés de liberté. Cela
pose probléme méme dans le cadre du modeéle lingaisque I'estimation de la précision des
effets dépend du nombre de degrés de liberté.I@iaeest surévalué, la précision des effets
I'est aussi.

Tenir compte de la surdispersion ne permet donc qescorriger le probleme
d’autocorrélation résiduelle. Par contre, tenir ptende I'autocorrélation résiduelle peut
permettre de résoudre le probleme de surdisperSioeffet, les méthodes visant a corriger le
probleme d’'autocorrélation résiduelle consistentveati a incorporer une composante de
variance, structurée dans 'espace et /ou dansn@g (GLMM, voir par exemplBiggle et
al. 1998. Ainsi les modeles de régression sans composentariance s’en voient attribuer
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une, ce qui corrige potentiellement les deux pmolee d’'un seul coup. Il n’est donc pas
étonnant de voir que les approches combinant iermant de I'autocorrélation résiduelle et
de la surdispersion conduisent a résultats proghesla surdispersion soit ou non prise en
compte (Gschlol3l & Czado 2008Haininget al. 2009; Neyenset al.2012). Ne pas en tenir
compte conduit néanmoins a un nombre de parameffestifs’ souvent plus important.

Au final, quel modele utiliser pour modéliser la dstribution de populations a large
échelle géographique ?

Tout au long de cette thése, il a été souligné sjuon souhaite modéliser la
distribution d’'une population a large échelle, dneient d'utiliser des outils adéquats. Je
propose, dans cette derniére partie, de résum@mpemts les principales caractéristiques que
devrait présenter un modéle de régression dangluradre. Pour cela, je suppose que les
variables sont déja sélectionnées ou qu'une méttedégularisation (comme par exemple le
Lasso) sera utilisée pour I'estimation des paragsetie n’aborde donc pas de nouveau I'étape
de sélection de variables, qui a déja été traiédéeail auparavant.

1) Le type de distribution du modéle utilisé ddieéen accord avec les propriétés de la
variable mesurée. Par exemple, pour des comptélgesnvient d’utiliser un modele de
régression adéquat comme le modele de Poissonleiubogomial négatif (voirO’Hara &
Kotze 2010. Si le comptage provient, qui plus est, d'un mgade deux processus et que
'un d’eux ne génére que des zéros, les modelesardtées a mélange (ZIMs, voirambert
1992 sont adaptés (mais voir aussi le chapitre 4 tie teese).

2) Le modéle utilisé doit rendre compte du fait tuetes les variables explicatives ne
sont pas prises en compte dans le modeéle et qui gityscertaines d’entre elles sont
vraisemblablement autocorrélées dans l'espace etltms le temps. Cela implique la
correction de la précision des estimations, deépeéte par I'ajout d’'un terme spatial et /ou
temporel explicite, et ce en particulier si 'olfjeest l'interpolation aux sites et /ou aux
périodes non-échantillonnés. Il faut par contreegwjue ce terme n’entre pas en concurrence
avec les variables explicatives (vbiodges & Reich 20J)Qen utilisant par exemple un terme
orthogonal a ces variables. Il est aussi la plughrttemps nécessaire dutiliser une
composante de variance supplémentaire dans le dadeerégression de Poisson ou celle de
la régression binomiale, rendant compte d'une bgtréité non-observée additionnelle
(surdispersion), par exemple lié au processus iogame de récolte des données.

3) Le modele doit étre construit de maniére a teampte d’éventuels effets de non
stationnarité. Aussi, il ne faut pas négliger leteractions importantes dans le modele
(Hothorn et al. 2011). De plus, il convient de vérifier la stationnéritdu terme
d’autocorrélation résiduelle (si utilisé), par exgenen découpant I'espace et /ou le temps en
morceaux disjoints et de voir si la structure ob8erest semblable ou non. Dans le cas
contraire, des solutions doivent étre envisagées @ouenir compte (voiCressie & Wikle
2011pour un apergu récent).
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Pour conclure, il faut retenir que de nombreusethoues statistiques existent pour
modéliser les facteurs influencant les parameéthesedpopulation et que le choix de l'une
d’entre elle va conditionner les résultats et lesctusions qui vont étre données. Il convient
de rester critique face aux nombreux outils propatéde bien identifier les caractéristiques
des méthodes finalement utilisées. La présence tatarrélation résiduelle et de
surdispersion peut réellement conduire a de fausseslusions, en raison de la sur-
estimation de la précision des effets. Mais enrteompte de maniére inadéquat peut étre
encore pire puisque les coefficients eux méme peugle affectés. Le comble serait de
montrer I'effet bénéfique d’'un type d’habitat sureurspéece alors qu’il lui est en faite
défavorable. Cela peut se produire en raison dungghéne de confusion spatial détaillé
auparavant ou en raison de la présence de sursimpéors de I'utilisation d’'un modéle zéro-
enflé (voir Chapitre 4). Il faut donc garder a pes que l'autocorrélation résiduelle et la
surdispersion n'affectent généralement pas de manieportante ['estimation des
coefficients mais plutdt leur précision. Si I'on nsbate une forte différence entre les
coefficients estimés par un modele tenant comptecete problemes (un modele plutét
complexe)versusun autre n’en tenant pas compte (un modeéle paitdple), il faut d’abord
vérifier la validité du modele complexe avant dedare que le modeéle simple conduit & une
mauvaise estimation des coefficients.
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