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RESUME

La fraie du dor¢ jaune (Sander vitreus) constitue une étape déterminante de son cycle de vie,
durant laquelle les géniteurs se rassemblent en fortes densités sur des sites de reproduction
restreints, généralement situés dans des secteurs facilement accessibles par les pécheurs.
Cette concentration les rend particulierement vulnérables au prélévement par la péche
sportive. Au Québec, les facteurs environnementaux qui régissent le moment de ces
rassemblements demeurent méconnus, ce qui complexifie la mise en place de mesures de
protection adaptées a cette période critique. Cette situation est d’autant plus préoccupante
dans un contexte de changements climatiques, susceptibles de modifier les conditions
environnementales et, par conséquent, la dynamique reproductive du dor¢ jaune. Il est donc
essentiel de mieux comprendre les facteurs environnementaux qui régissent les
rassemblements durant la pré-fraie et la fraie pour améliorer la gestion de 1’espéce. Cette
étude vise a identifier et quantifier 1’influence des variables environnementales modulant
I’initiation et la cessation de la fraie du doré jaune au Québec, ainsi qu’a développer un
modele prédictif des dates de début et de fin de la reproduction selon les conditions
environnementales actuelles et futures. Pour ce faire, 484 observations de géniteurs sur les
sites de fraie, issues de la littérature scientifique publiée et de la littérature grise, ont été
combinées a des variables environnementales actuelles et a des projections climatiques
futures. L’utilisation d’algorithmes d’apprentissage automatique, notamment les foréts
d’arbres de décision, a permis de mettre en évidence le role prépondérant de la température
dans la régulation de la fraie. L’accumulation thermique printaniére, représentée par les
degrés-jours de croissance au-dessus de 5 °C (DJC5) cumulés au 15 avril, apparait comme la
principale variable prédisant les dates de début et de fin de la reproduction. Les autres
variables environnementales, soit la photopériode (estimée par la latitude), I’élévation et les
précipitations printaniéres, présentent une contribution plus limitée et agissent
principalement comme des modulateurs des conditions thermiques. Dans un contexte de
changements climatiques, un devancement généralisé de la période de fraie a I’horizon 2071-
2100, de I’ordre de 7 a 12 jours sous les scénarios SSP2-4.5 et SSP5-8.5, est projeté, bien
que ’ampleur de ce déplacement varie en fonction de la latitude. Les résultats montrent
également que ces changements ne se limitent pas a un simple décalage des dates de fraie,
mais s’accompagnent de modifications de la durée de la période de reproduction, qui tend a
s’allonger dans les régions méridionales et a se contracter dans les régions nordiques. Dans
I’ensemble, cette étude confirme le réle central de la température dans I’initiation et la
cessation de la fenétre reproductive du dor¢ jaune et fournit des outils permettant de bonifier
la gestion de I’espece au Québec, afin de mieux 1’adapter aux réalités locales des populations
et aux conditions climatiques futures.



ABSTRACT

Spawning in walleye (Sander vitreus) represents a critical stage of'its life cycle, during which
spawners aggregate at high densities on restricted and often easily accessible spawning sites.
This aggregation makes them particularly vulnerable to harvest by recreational fishing. In
Quebec, the environmental factors governing the timing of these aggregations remain poorly
understood, complicating the implementation of protection measures adapted to this critical
period. This issue is further exacerbated in the context of climate change, which may alter
environmental conditions and, consequently, the reproductive dynamics of walleye. In this
context, a thorough understanding of the environmental drivers of spawning is essential to
improve species management. This study aimed to identify and quantify the influence of
environmental variables regulating spawning initiation and termination in walleye in Quebec,
and to develop predictive models of spawning onset and end dates under current and future
environmental conditions. To this end, 484 observations of spawners at spawning sites,
derived from both peer-reviewed and grey literature, were combined with current
environmental variables and future climate projections. The use of machine learning
algorithms, particularly Random Forest, highlighted the predominant role of temperature in
regulating spawning dynamics. Spring thermal accumulation, represented by growing degree
days above 5 °C (DJC5) accumulated as of April 15, emerged as the main variable allowing
prediction of spawning onset and termination dates. Other environmental variables, including
photoperiod (estimated by latitude), elevation, and spring precipitation, showed more limited
contributions and primarily acted as modulators of thermal conditions. Under future climate
scenarios, a generalized advancement of the spawning period is projected for 2071-2100,
ranging from approximately 7 to 12 days under SSP2-4.5 and SSP5-8.5, although the
magnitude of this shift varies with latitude. Results also indicate that these changes are not
limited to a simple shift in spawning dates but are accompanied by changes in spawning
duration, which tends to increase in southern regions and decrease in northern regions.
Overall, this study confirms the central role of temperature in the initiation and termination
of the reproductive window of walleye and provides tools to improve species management
in Quebec, allowing for better adaptation to local population dynamics and future climatic
conditions.
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1. INTRODUCTION GENERALE

1.1 Mise en contexte

L’exploitation des ressources halieutiques constitue une composante importante de
I’histoire évolutive et de la survie des populations humaines. Initialement pratiquée a des fins
de subsistance, la péche est progressivement devenue un vecteur d’échanges et de commerce
dans plusieurs régions du monde, contribuant a la dispersion humaine, a la structuration des
économies locales et, dans certains contextes, a 1’établissement des premiéres sociétés
complexes (Sahrhage et Lundbeck 1992; Pitcher et Lam 2014). Encore aujourd’hui, les
péches sportives et commerciales représentent une activité sociale, culturelle et économique
majeure a I’échelle mondiale (FAO 2024). Au Canada, les péches commerciales ciblant les
poissons, tant dulcicoles que marins, ont généré preés de 591 millions de dollars en valeur
brute des débarquements en 2023 et soutenu pres de 65 000 emplois, jouant ainsi un role
important dans I’économie du pays (Péches et Océans Canada 2025).

Dans les eaux canadiennes, on dénombre plus d’un millier d’espéces de poissons, dont
11 % se trouvent exclusivement en eau douce et 4 % fréquentent a la fois les milieux
dulcicoles et marins (Conseil canadien pour la conservation des espéces en péril 2006). Le
Québec, deuxieme province présentant la plus grande diversité d’especes de poissons, en
compte a lui seul prés de 120, dont une vingtaine sont principalement ciblées par la péche
sportive (Conseil canadien pour la conservation des espéces en péril 2006; Gouvernement du
Québec 2026). Parmi celles-ci, le doré jaune (Sander vitreus) constitue 1’espece la plus
recherchée par les pécheurs canadiens et la seconde espéce la plus prisée au Québec apres
I’omble de fontaine (Salvelinus fontinalis) (Péches et Océans Canada 2019). Il occupe

¢galement une place importante au sein de plusieurs communautés autochtones du Québec,



pour lesquelles il représente une ressource de subsistance et revét une valeur culturelle et
sociale cruciale (Péches et Océans Canada 2019).

Au début des années 2000, le déclin de la qualit¢ de la péche et du potentiel
reproducteur des populations québécoises de doré jaune, tant en eaux intérieures que dans le
fleuve Saint-Laurent, a été attribué a une pression de péche excessive exercée sur 1’espece.
Les inventaires normalisés réalisés par le ministére de I’Environnement, de la Lutte contre
les changements climatiques, de la Faune et des Parcs (MELCCEFP) entre 1985 et 2008 ont
notamment révélé une diminution de 21 % de la masse moyenne des dorés et une
surexploitation de I’espéce dans 30 % des plans d’eau échantillonnés. Une situation
comparable a été observée dans le fleuve Saint-Laurent, ou le doré jaune a été considéré « a
risque » ou « en déclin » dans la plupart des secteurs inventoriés (Arvisais et al. 2012). Ce
constat a conduit a I’instauration, en 2011, de nouvelles modalités de gestion dans le cadre
du Plan de gestion du doré 2011-2016, reconduit jusqu’en 2026, afin de rétablir la structure
des populations et I’abondance des reproducteurs (Arvisais ef al. 2012; Arvisais et al. 2016).

A T’échelle provinciale, les retombées de ces mesures sur le rétablissement des
populations se sont révélées variables. Dans certains plans d’eau, les inventaires du
MELCCFP ont mis en évidence une amélioration de la qualit¢ de la péche et une
augmentation de 1’abondance des reproducteurs (Arvisais et al. 2016; Nadon 2022b;
Bélanger 2024), alors que dans d’autres, ces modalités n’ont entrainé aucune amélioration
notable de 1’état global des populations (Bélanger 2022; Nadon 2022a; Bélanger 2023). Dans
le fleuve Saint-Laurent, I’instauration d’une gamme de tailles exploitées (381-545 mm) n’a
pas permis d’enrayer le déclin de 1’abondance des grands dorés jaunes (> 545 mm), ni la
diminution de la taille des géniteurs et 1’augmentation de la mortalité annuelle totale

observées depuis 2001. La croissance, la condition corporelle et la taille & maturité des
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femelles ont ¢galement continué de diminuer depuis la mise en place de cette réglementation
(Mainguy et al. 2025).

Outre D’exploitation par la péche, le recrutement du doré jaune peut varier
considérablement sous ’effet de facteurs abiotiques et biotiques influengant notamment la
qualité¢ de son habitat (Mainguy et al. 2025). Le doré¢ jaune occupe un vaste continuum
environnemental, mais performe généralement mieux dans les milieux mésotrophes frais et
bien oxygénés (Bozek et al. 2011a). Sa vision scotopique le rend particuliérement sensible a
la lumiére, ce qui explique ses meilleures performances dans les lacs présentant une plus
faible transparence de 1’eau, correspondant a des profondeurs de disque de Secchide 1 a3 m
(Lester et al. 2004). Des changements de turbidité et de température peuvent donc induire
une modification de 1’utilisation des habitats vers des milieux moins propices sur les plans
alimentaire ou biotique (Lester ef al. 2004; Hansen et al. 2019; Hansen et al. 2022; Mahlum
et al. 2023). L’acidification des plans d’eau constitue un autre facteur susceptible d’affecter
sa démographie, en entrainant une mortalité accrue des ceufs et des larves ou une cessation
de ’activité de fraie a un pH inférieur a 6 (Beamish 1976; Smith et al. 2022). Enfin, la
diminution de I’abondance des especes proies (Hansen ef al. 1998; Smith et al. 2022) ainsi
que la présence d’especes envahissantes ont €té associées a une réduction du recrutement et
de I’abondance de plusieurs populations de doré jaune (Hansen et al. 2020; Hansen et al.
2022)

La survie des premiers stades de vie est également influencée par les activités
anthropiques. L’utilisation des terres riveraines et des secteurs terrestres environnants a des
fins agricoles ou forestieéres peut notamment accroitre la sédimentation dans les plans d’eau,
réduisant la disponibilité des habitats de fraie optimaux ou provoquant 1’anoxie des ceufs par

leur ensevelissement sous des sédiments fins (Nate et al. 2003; Raabe et al. 2020). Cette
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survie est aussi affectée par les fluctuations de température et de précipitations associées aux
changements climatiques (Hansen ef al. 2019). Les asynchronies trophiques, I’allongement
de la période d’incubation augmentant les risques de prédation, 1’exondation des ceufs et le
transport des larves vers des habitats sous-optimaux constituent quelques exemples des effets
potentiels de ces changements (Hansen et al. 1998; Zhao et al. 2009; Barta et al. 2024). Ces
multiples pressions abiotiques et biotiques soulignent I’importance d’instaurer une gestion
étroite de D’espeéce, dont le déclin pourrait compromettre 1’équilibre des écosystémes
dulcicoles (Colby et al. 1987; Thao et al. 2016).

A titre de prédateur primaire, le doré jaune exerce un contrdle descendant sur les
niveaux trophiques inférieurs, contribuant a réguler leur abondance et a maintenir 1’équilibre
des communautés ichtyennes (Lyons et Magnuson 1987). Lorsque ses populations déclinent,
le relachement de cette régulation peut favoriser I’augmentation d’espéces fourragéres ou
compétitrices et modifier la dynamique du réseau trophique (Colby et al. 1987; Thao et al.
2016). Par exemple, une augmentation de 1’abondance de la perchaude a été observée a la
suite du déclin du doré jaune dans 1’étude de Colby et al. (1987) et de Thao et al. (2016).
Bien que cette espece constitue souvent une proie importante, une forte abondance de
perchaudes adultes peut accroitre la prédation sur le doré, notamment sur les ceufs et les
individus d’age-0, en plus d’occasionner une compétition alimentaire avec les juvéniles,
instaurant une rétroaction écologique défavorable pour le doré (Colby et al. 1987; Hansen et
al. 1998; Roseman et al. 2006). Des déséquilibres dans les ratios prédateurs-proies favorisant
certaines especes compétitrices, notamment les centrarchidés (Quist et al. 2003; Embke et
al. 2022) ou I’alose a gésier (Dorosoma cepedianum) (Quist et al. 2004), ont également été
associés a des effets négatifs sur le recrutement du doré jaune. Le déclin de I’espece ne

représente donc pas uniquement une perte halieutique ou économique, mais peut entrainer
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des modifications durables du fonctionnement des écosystémes. Dans ce contexte, une
gestion intégrée axée sur les facteurs de pression contrdlables, comme I’exploitation par la
péche, apparait essentielle pour limiter les risques de déclins des populations (Post 2013).
Dans la province, la réglementation de la péche sportive et commerciale varie selon
des zones de péche (n = 29) pouvant couvrir de vastes territoires (Arvisais ef al. 2012). Ainsi,
elle ne refléte pas toujours les réalités locales des différentes populations, ce qui peut
entrainer un chevauchement entre I’ouverture de la péche et la période de fraie du doré jaune
(Gendron 2009; Paquin et Brodeur 2023). La protection des géniteurs, notamment par le
déplacement de la saison de péche en dehors de la période de fraie, constitue une modalité
de gestion répandue. Son efficacité¢ demeure néanmoins débattue au sein de la communauté
scientifique, en raison de I’intensification de ’effort de péche qu’elle peut entrainer sur une
période plus restreinte (Heino 1998; Arvisais ef al. 2012; Overzee et Rijnsdorp 2014). Elle
permet toutefois de réduire les risques de surexploitation chez les especes formant de grandes
agrégations de fraie, en diminuant la mortalité par la péche des individus plus agés, dont la
contribution reproductive est généralement plus ¢levée (Heino 1998; Venturelli et al. 2010;
Overzee et Rijnsdorp 2014). Chez le doré¢ jaune, la fraie se déroule en zones peu profondes,
souvent a moins d’un metre, ou les individus se rassemblent en denses bancs (Gendron 2009;
Paquin et Brodeur 2023). Durant cette période, ils deviennent facilement repérables et
particulierement vulnérables a la récolte, ce qui peut entrainer une mortalité importante du
stock reproducteur (Gendron 2009; Paquin et Brodeur 2023; Alglave et al. 2024). Bien que
ce phénoméne soit documenté, les facteurs environnementaux déterminant la période de
rassemblement des adultes sur les sites de reproduction sont méconnus au Québec, ce qui
limite la capacité d’appuyer scientifiquement la modification des dates d’ouverture de la

péche (Dixon et al. 2020).



1.2 Calendrier de la reproduction

Dans la littérature, le cycle reproducteur du doré jaune est étroitement li¢ a la
température et a la photopériode (Malison et Held 1996). Il s’amorce dés le début de
I’automne, lorsque la diminution de la photopériode initie la gamétogenése. Ce processus se
poursuit durant I’hiver et requiert une période minimale de trois a cinq mois pendant laquelle
la température de 1’eau doit demeurer inférieure a 10 °C afin de permettre le développement
optimal des gametes (Hokanson 1977; Malison et al. 1994; Malison et Held 1996; Feiner et
Hook 2015; Firkus et al. 2024). Chez les males, la gamétogenese est généralement complétée
vers le milieu de I’hiver, tandis que chez les femelles, elle se poursuit jusqu’a I’approche de
la fraie (Malison ef al. 1994; Malison et Held 1996).

La fraie survient dés les premiers réchauffements printaniers des eaux et varie selon la
latitude et les caractéristiques locales des plans d’eau (Bozek et al. 2011a; Feiner et H60k
2015). A I’extrémité sud de son aire de répartition nord-américaine, elle peut débuter dés la
fin janvier, alors qu’aux latitudes plus nordiques elle est observée jusqu’a la fin juin
(Hokanson 1977). La température de I’eau est généralement reconnue comme le principal
facteur déclenchant les migrations reproductives et le comportement de fraie (Schneider et
al. 2010; Bozek ef al. 2011a; Arvisais et al. 2012; Feiner et H66k 2015). Bien que les valeurs
rapportées varient selon les études, la fraie survient le plus souvent a des températures de
I’eau comprises entre 4 et 11 °C, soit des températures favorisant la viabilité¢ des gametes, la
fécondité et I’incubation des ceufs (Koenst et Smith 1976; Hokanson 1977; Schneider et al.
2010; Arvisais et al. 2012; Feiner et Ho0k 2015; Feiner et al. 2022). Généralement, la période
de fraie s’étend sur une a deux semaines et prend fin lorsque la température de I’eau atteint

ou dépasse 15 °C (Priegel 1970; Malison et Held 1996; Feiner et al. 2025).



De maniére générale, les males sont les premiers a arriver et les derniers a quitter les
sites de fraie (Bade et al. 2019; Elliott et al. 2022). Cette stratégie leur confére un avantage
reproductif en leur permettant de fertiliser les ceufs de plusieurs femelles sur une période
prolongée (Bozek et al. 2011a; Bade et al. 2019; Elliott et al. 2022). A I’inverse, les femelles
libérent leurs ceufs sur une période plus restreinte et quittent rapidement les frayeres. Ce
comportement a été attribué a I’investissement énergétique plus élevé qui est requis pour la
production des gamétes chez les femelles, les incitant a rejoindre plus rapidement des zones
d’alimentation plus productives (Wang et al. 2007; Hayden et al. 2014; Bade et al. 2019).
Dans le lac Ontario, par exemple, des males ont été observés entrant en moyenne cing jours
plus t6t dans les riviéres que les femelles et les quittaient en moyenne sept jours plus tard
(Elliott et al. 2022).

Plusieurs auteurs soulignent 1’importance d’une compréhension approfondie de la
phénologie reproductive des especes exploitées afin d’en assurer une gestion optimale et
proactive, particuliecrement dans un contexte de changements climatiques (Dixon ef al. 2020,
Feiner et al. 2022; Feiner et al. 2025; Mainguy et al. 2025). L’¢tude de la phénologie est
d’ailleurs considérée comme « un des moyens les plus simples de suivre les changements
écologiques des especes en réponse aux changements climatiques » (Walther et al. 2002).
Cependant, peu d’¢tudes ont documenté la phénologie reproductive du doré jaune malgré
I’abondante littérature scientifique portant sur cette espeéce. Les études existantes ont
principalement été réalisées dans la portion méridionale de son aire de répartition, et, dans la
plupart des cas, le pic de fraie a été associ¢ a la date de retrait des glaces, un indicateur
climatique corrélé a la température de 1’air et, indirectement, a la température de 1’eau
(Schneider et al. 2010; Dixon et al. 2020; Feiner et al. 2022; Barta et al. 2024). Des études

récentes ont toutefois mis en évidence des asynchronies entre ces métriques, suggérant que
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des facteurs autres que la température pourraient contribuer a la régulation du calendrier de
fraie (Barta et al. 2024). La photopériode a notamment été identifiée comme un déterminant
majeur du pic de fraie au lac Escanaba entre 1957 et 2019 (Feiner et al. 2025), contrastant
avec les travaux antérieurs qui attribuaient un réle dominant au réchauffement de 1’eau
(Schneider ef al. 2010; Bozek et al. 2011a).

Selon les projections climatiques issues du scénario RCP8.5 du CMIPS, les
températures annuelles moyennes devraient augmenter de plus de 2 °C d’ici le milieu du
siecle et dépasser 4 °C d’ici sa fin (Hansen et al. 2006; IPCC 2014; Poesch et al. 2016). Les
régions de hautes latitudes, dont le Canada et le nord des Etats-Unis, devraient connaitre un
réchauffement plus marqué, avec une hausse des températures annuelles moyennes pouvant
excéder 6 °C a la fin du siécle (Hansen et al. 2006; IPCC 2014; Poesch et al. 2016). Si la
reproduction du doré jaune est fortement dépendante des signaux photopériodiques, elle
pourrait alors survenir dans des conditions environnementales moins favorables, dans la
mesure ou celle-ci continuerait de diverger des signaux saisonniers associés au climat (Bozek
et al. 2011a; Barta et al. 2024). Par exemple, le succes de fécondation et I’incubation des
ceufs sont fortement dépendants de la température de I’eau (Koenst et Smith 1976; Hokanson
1977). La plage thermique optimale pour I’incubation se situe entre 9 et 15 °C, avec un succes
d’éclosion maximal autour de 15 °C (Koenst et Smith 1976; Hokanson 1977; Engel et al.
2000). Bien que les embryons tolérent certaines fluctuations thermiques, une exposition
prolongée a des températures supérieures a 19 °C a été associée a une forte mortalité
embryonnaire (Koenst et Smith 1976; Schneider et al. 2002). Ces ¢léments mettent en
¢évidence la nécessité d’améliorer notre compréhension de la phénologie reproductive de

I’espece afin de soutenir une gestion adaptée aux changements climatiques.



1.3 Méthode préconisée

Outre la hausse globale des températures prévue, les changements climatiques
devraient accroitre la variabilité interannuelle des températures, modifier les régimes de
précipitations et augmenter la fréquence des événements météorologiques extrémes (IPCC
2014). Une compréhension approfondie des facteurs environnementaux modulant la fraie du
doré jaune apparait donc essentielle a la gestion durable de I’espece (Alglave et al. 2024).
Dans ce contexte, I’apprentissage automatique constitue une approche de plus en plus utilisée
en écologie pour analyser les interactions entre les espéces et leur environnement (Branco et
al. 2023; Pichler et Hartig 2023). Comparativement aux méthodes statistiques traditionnelles,
ces algorithmes présentent plusieurs avantages, notamment en raison de leur capacité a
exploiter des jeux de données biologiques complexes comprenant un grand nombre de
prédicteurs (Brownscombe et al. 2020; Pichler et Hartig 2023). IlIs permettent de modéliser
des relations non linéaires et des interactions de haute dimension, tout en intégrant
efficacement des variables continues et catégorielles (Cutler et al. 2007; Thessen 2016).
Certaines approches sont également robustes face aux données manquantes, une situation
fréquente dans les jeux de données écologiques (Thessen 2016; Scowen et al. 2021). Les
avanceées technologiques récentes ont par ailleurs amélioré 1’accessibilité de ces méthodes, si
bien qu’elles sont désormais largement utilisées en modélisation spatiale ainsi qu’en gestion
et conservation de la faune (Thessen 2016; Effrosynidis et al. 2020; Flores et al. 2024;
Paquette et al. 2026).

Ces algorithmes peuvent ainsi étre utilisés pour explorer la structure des données ou
¢tablir des relations entre des variables explicatives et une variable réponse afin de produire
des prédictions pour de nouvelles observations (Bonaccorso 2018; Pandey et al. 2019). Ils

reposent généralement sur une phase d’entrainement, au cours de laquelle le modele apprend
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a partir de données connues, suivie d’une phase de validation utilisant des données
indépendantes permettant d’évaluer sa performance (Pandey et al. 2019; Pichler et Hartig
2023). Ils permettent de réaliser des taches de classification ou de régression et, dans
plusieurs cas, de quantifier I’importance relative des variables explicatives ainsi que leur effet
sur la variable réponse (Thessen 2016). Leur utilisation apparait donc particulieérement
adaptée pour quantifier I’influence des variables environnementales et modéliser les dates de

rassemblement des dorés adultes sur les sites de fraie au Québec.

1.4 Objectifs du travail

Dans cette étude, nous visons a documenter la phénologie reproductive du doré jaune
a I’échelle de son aire de répartition québécoise a I’aide d’algorithmes d’apprentissage
automatique. Spécifiquement, (1) les dates caractérisant la période de fraie du doré seront
mises en relation avec des variables environnementales, afin de quantifier leurs influences
respectives. La période de reproduction du doré jaune sera
(2) modélisée sur ’ensemble de son aire de répartition québécoise, grace a 1’utilisation
d’algorithmes d’apprentissage automatiques entrainée avec les variables environnementales
influentes. Finalement, (3) I’effet des changements climatiques sur la période de fraie du doré

jaune sera analysé, grace a I’utilisation de scénarios climatiques disponibles.
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2. MODELING THE SPAWNING PHENOLOGY OF WALLEYE (SANDER

VITREUS) ACROSS QUEBEC

2.1 Introduction

Walleye (Sander vitreus) is a fish species native to North America whose distribution
spans a broader latitudinal range than that of other freshwater predatory fish (Bozek ef al.
2011a; Spanou et al. 2024). Owing to its trophic position, its presence plays a crucial role in
maintaining the balance of freshwater ecosystems, where it exerts top-down control on lower
trophic levels (Lyons et Magnuson 1987). Throughout its distribution range, the species
supports important commercial, recreational, and cultural fisheries (Sass 2025). In Canada,
walleye constitutes the most sought-after freshwater species in commercial fisheries as well
as the most sought-after species among recreational anglers across all species, accounting for
26% of total catches in 2015 (Péches et Océans Canada 2019; Péches et Océans Canada
2026). In the province of Quebec, the species is subject to intensive exploitation, as it
represents the second most targeted species in recreational fisheries while also constituting a
central component of the cultural practices and Food, Social and Ceremonial (FSC) Fisheries
of several Indigenous communities (Arvisais ef al. 2012). Consequently, walleye is exposed
to high fishery removals rates that may threaten the sustainability of its stocks (Post 2013).

Between 1995 and 2008, Quebec’s Ministére de 1’Environnement, de la Lutte contre
les changements climatiques, de la Faune et des Parcs (MELCCFP) documented a decline in
reproductive potential together with an increase in walleye mortality rates in inland waters

and in the St. Lawrence River, suggesting a situation of overexploitation (Arvisais et al.



2012). These observations led to the implementation, in 2011, of new management measures
under the Plan de gestion du doré 2011-2016, later extended to 2026, including the
introduction of protected slot limits and minimum length restrictions to restore population
structure and spawning stock abundance (Arvisais et al. 2012; Arvisais et al. 2016). At the
provincial scale, outcomes of this management plan were variable. Although overall
population status improved in some waterbodies (Arvisais et al. 2016; Nadon 2022b;
Bélanger 2024), the implemented measures did not produce the expected effects in several
others populations (Bélanger 2022; Nadon 2022a; Bélanger 2023). In the St. Lawrence River,
these measures failed to halt declines in spawner abundance and size, as well as the increase
in total annual mortality observed since 2001, highlighting the need to reassess current
walleye management strategies in Quebec (Mainguy et al. 2025).

Protection of spawning adults during the spawning period, through adjustments to
fishing seasons, constitutes a widely used management approach. This measure reduces the
risk of overexploitation in species forming large spawning aggregations by decreasing
fishing mortality on older individuals, whose reproductive contribution is generally higher
(Heino 1998; Venturelli et al. 2010; Overzee et Rijnsdorp 2014). Walleye spawning occurs
in shallow areas, often at depths of less than one meter, where individuals form dense
spawning aggregations for several days (Malison et Held 1996; Gendron 2009; Paquin et
Brodeur 2023). During this period, fish become more easily detectable and particularly
vulnerable to harvest, potentially resulting in substantial spawning stock mortality when
fishing pressure is high (Paquin et Brodeur 2023; Alglave et al. 2024).

Alike other jurisdictions, recreational and commercial fishing regulations vary among
fishing zones in the province of Québec, some encompassing extensive geographic areas

(Arvisais et al. 2012). As a result, regulations do not always reflect local population
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phenology, which may lead to overlap between fishing seasons and the walleye spawning
period (Gendron 2009; Paquin et Brodeur 2023; Alglave et al. 2024). Although this
phenomenon has been documented, environmental factors determining the period when
adults aggregate at spawning sites remain poorly documented in most walleye range,
especially in its northern extremity (e.g., Québec, Ontario), limiting the ability to
scientifically support adjustments to fishing opening dates (Dixon et al. 2020).

Several authors have emphasized the importance of a thorough understanding of the
reproductive phenology of exploited species to ensure optimal and proactive management
(Dixon et al. 2020; Feiner et al. 2022; Feiner et al. 2025; Mainguy et al. 2025). Despite the
extensive scientific literature on walleye, few studies have documented its reproductive
phenology. Existing studies have primarily been conducted in the southern portion of its
distribution range. In most studies, peak spawning activity has been associated with ice-off
date, a climatic indicator correlated with air temperature and, indirectly, with water
temperature (Schneider et al. 2010; Dixon ef al. 2020; Feiner ef al. 2022; Barta et al. 2024).
Recent studies have nevertheless identified mismatches between these metrics, suggesting
that factors other than temperature may contribute to regulating spawning timing (Barta et
al. 2024). Photoperiod has notably been identified as a major determinant of peak spawning
in Escanaba Lake between 1957 and 2019 (Feiner et al. 2025), contrasting with earlier studies
that attributed a dominant role to water warming (Schneider et al. 2010; Bozek et al. 2011a).
These inconsistencies highlight the need for a better understanding of walleye reproductive
phenology, particularly given that potential dependence on photoperiodic cues may result in
unfavorable consequences for recruitment (Feiner ef al. 2022; Barta et al. 2024; Feiner et al.

2025).
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In this study, we aim to document walleye reproductive phenology across its
distribution range in Quebec using machine learning algorithms. Specifically, (1) the start
and end dates characterizing the walleye spawning period will be related to environmental
variables to quantify their respective influences. The reproductive period of walleye will (2)
be modeled across its Quebec distribution range using machine learning algorithms trained
on influential environmental variables. Finally, (3) the effects of climate change on the

walleye spawning period will be assessed using available climate scenarios.

2.2 Materials and methods

2.2.1 Sampling sites and biological data sources

The study area includes water bodies within the native range of walleye in Québec,
ranging from 45°N and 55°N. Most data were derived from published scientific literature and
governmental grey literature, including reports from research projects and surveys (n = 478).
These observations were collected between 1942 and 2024, although fewer than 30%
observations predate 1990. A small number of additional records (n = 6) were extracted from
scientific publications and reports by the Québec national hydroelectricity company, Hydro-
Quebec, environmental office and cover a period from 2000 to 2012 (Figure 1).

Data on presence of spawning adults were mostly obtained by visual surveys on
spawning sites or by capture of spawners. When individuals were captured, sexual maturation
stage was assessed either by abdominal pressure and partial extrusion of gametes according
to the Nikolsky (1963) scale (1 = immature, 4 = mature, 5 = spawning, 6 = post-spawning),
or by visual identification of gonadal development stage following dissection. The database
comprises 484 observations of spawning adults at spawning sites and includes three

observation types: “complete” observations (n = 97), associated with spawning onset and end
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dates; “partial” observations (n = 124), associated with either a start or an end date; and
“single” observations (n = 263), not associated with spawning onset or end dates,

representing only sighting of spawning adults.

57.00+

55.00+

Walleye
O Spawning observations
[ Distribution range

Biogeographic zones

I Upper St. Lawrence (10)
Lower St. Lawrence (9)

Il Southern Hudson Bay (3)

53.00

49.00

47.00+

45.00

-79.00 -77.00 -75.00 ~73.00 -71.00

Figure 1. Sampling sites for walleye spawning observations across the Québec range,
including the Canadian freshwater biogeographic zones defined by the Committee on
the Status of Endangered Wildlife in Canada (COSEWIC) (2007), with zone numbers

shown in parentheses.
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2.2.2 Environmental data

2.2.2.1 Current and historical data

Twenty environmental variables were collected and linked to spawning observations
to build models estimating spawning period onset, end, and duration (Appendix A). These
variables were selected based on their accessibility and their potential influence on the
species’ life cycle (Bozek et al. 2011a; Feiner ef al. 2025). All environmental variables were
obtained from open-access data sources, including WorldClim (Fick et Hijmans 2017),
Environment and Climate Change Canada and Ouranos (Gasset et al. 2021), the Info-Climat
Service of the MELCCEFP (2025) and the Committee on the Status of Endangered Wildlife
in Canada (COSEWIC) (2007), with the exception of water temperature (°C) and geographic
coordinates (latitude and longitude), which were measured directly at sampling sites. The
MELCCEFP Info-Climat Service (2025) provided daily air temperature data across Québec
through 2024. Derived from interpolation of multiples meteorological stations (approx. 550
active stations in 2020, Info-Climat, pers comm.), these data were used to model spawning
onset and end dates of walleye across its range for the 1991-2020 climate period, representing
current climatic conditions.

The database also includes variables that are constant across years, such as photoperiod,
solar radiation, and elevation, as well as yearly variables, including mean air temperature, the
date of the last frost-free day, and total spring precipitation (mm). Among the yearly
variables, cumulative growing degree-days above 5 °C (GDDS5) were calculated from mean
daily air temperatures. The 5 °C thermal threshold was selected in accordance with the known
variable describing walleye’s growing season (Venturelli et al. 2010; Uphoff et al. 2013).

GDDS5 were then accumulated from January 1 to April 15 and from January 1 to June 30,
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respectively corresponding to the minimum and maximum spawning dates in the entire range

of the study.

2.2.2.2 Climate scenarios data

To inform the prediction of future spawning period, environmental variables derived
from climate scenarios were obtained from the Environment and Climate Change Canada
CanDCS-M6 dataset, which is based on an ensemble of 31 global climate models from the
CMIP6 program (Gouvernement du Canada 2025). In this study, the ensemble-mean air
temperature (°C) was used to represent the SSP2-4.5 and SSP5-8.5 scenarios. The SSP2-4.5
scenario represents an intermediate emissions pathway characterized by the absence of major
abrupt changes and is generally considered the most plausible. It projects a global mean
warming of approximately 2.7 °C for the period 2081-2100 (Lepousez et Aboukrat 2022). In
contrast, the SSP5-8.5 scenario assumes the absence of effective mitigation policies and the
continuation of current energy consumption trends. Considered unlikely in the long term, it
projects a global mean warming of approximately 4.4 °C for the same period (Lepousez et
Aboukrat 2022). This very high concentration scenario is often used as a proxy for post-2100
climate conditions or to explore highly unlikely extreme climate outcomes (Ouranos 2024).
The 1991-2020 reference period was extracted under the SSP2-4.5 scenario to compare
current and future climatic conditions, as the Environment and Climate Change Canada data
server provides historical data covering the period 1950-2014 (Gouvernement du Canada
2025). Projected years from 2015 to 2020 were therefore obtained from SSP2-4.5

simulations, as this scenario is considered the most plausible.
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2.3 Data analysis

2.3.1 Data standardization

To associate all observations with spawning start and end dates, a data standardization
step was conducted. For this purpose, a generalized additive mixed model (GAMM) with a
gamma distribution and a log link function was fitted to complete observations (n =97), using
spawning duration (in days) as the response variable and incorporating environmental
variables derived from sampling sites and open-data servers. The model was implemented
using the mgcv package in R software (R Core Team 2025). GAMMs are widely used in
ecology, as they allow nonlinear relationships between predictors and response variables to
be modeled using smoothing functions, while incorporating random effects to account for
hierarchical or spatial structures (Pedersen et al. 2019). These models are relatively simple
and interpretable; however, interpretation of individual effects may become more
challenging in the presence of collinearity among explanatory variables (Martin et al. 2021;
Lai et al. 2024). Collinearity among predictors was therefore first evaluated using a Spearman
correlation matrix, applying a threshold of |p| < 0.7 as suggested by Dormann et al. (2013)
(Appendix B). Predictor relationships were subsequently examined using pairwise
concurvity estimates among GAMM smooth terms, based on a threshold of < 0.5 as proposed
by Ramsay et al. (2003) (Appendix C).

Selected environmental variables included photoperiod at spawning onset
(Onset_Photoperiod; hours), Elevation (m), the fraction of the lunar surface illuminated at
midnight at spawning onset (Onset Moon; %), maximum or minimum water temperature
(Max_Twater or Min_Twater; °C), modeled maximum or minimum air temperature

(Max_Tair or Max_Tmin; °C), as well as COSEWIC Canadian freshwater biogeographic
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zones (Biogeographic) and watersheds (levels 2 or 1) included as random-effect terms. Final
model selection was performed by comparing candidate models using the Akaike
information criterion (AIC) (Apendix D). Among models with comparable AIC values
(AAIC < 2), the selected model (#3) included the fewest predictors, namely s(Max_Twater),
s(Max_Tair), Onset Photoperiod, and s(Biogeographic) as a random effect. Assumptions of
normality and heteroscedasticity were evaluated through visual inspection of residuals using
the gratia package, while predictor effects and relative importance were visualized using the
visreg and gam.hp (Lai et al. 2024) packages in R software (R Core Team 2025).

The final model was used to estimate spawning duration, defined as the number of days
during which spawners can be observed at a spawning site. For partial observations, the
missing date (start or end of spawning) was estimated by adding or subtracting the modeled
spawning duration from the observed date. For single observations, the observed date was
assumed to correspond to mid-spawning and start and end dates were calculated by

subtracting or adding half of the modeled duration, respectively.

2.3.2 Spawning modeling

Machine learning algorithms were used to model walleye spawning onset and
termination because of their ability to handle complex biological datasets with many
predictors (Brownscombe et al. 2020; Pichler et Hartig 2023). In particular, the Random
Forest (RF) algorithm of Breiman (2001) (implemented using the ranger package in R ;
Wright et Ziegler (2017)) and EXtreme Gradient Boosting (XGBoost) (implemented using
the xgboost package in R; Chen et Guestrin (2016)) were used.

Random Forest is one of the most used machine learning algorithms in biological data

analysis due to its strong predictive performance, robustness to overfitting, and lack of
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reliance on parametric assumptions (Breiman 2001; Fox ef al. 2017; Kang et Yoon 2024). It
also exhibits strong tolerance to noise, outliers, and missing data, and remains effective when
the number of predictor variables is high relative to the number of observations (Fox et al.
2017; Flores et al. 2024; Kang et Yoon 2024; Spanou et al. 2024). It therefore represents an
attractive alternative to more traditional methods, which often require assumptions of
normality and predictor independence to be satisfied (Fox ef al. 2017; Spanou et al. 2024).
Compared with other machine learning algorithms, Random Forest is also known to be
relatively insensitive to hyperparameter choices, with default values performing well on most
datasets, making it more intuitive to implement (Fox et al. 2017).

Random Forest is an ensemble model based on the bagging principle, relying on
multiple uncorrelated decision trees whose final output is obtained by averaging predictions
across trees. This process produces relatively accurate, robust, and stable predictions (Fox et
al. 2017; Genuer et Poggi 2020; Pichler et Hartig 2023). In contrast, XGBoost is also an
ensemble model but based on the boosting principle, in which decision trees are built
sequentially, each new tree attempting to explain what was not captured by previous trees
(Pandey et al. 2019; Pichler et Hartig 2023). Due to these distinct learning strategies, the joint
use of Random Forest and XGBoost allows comparison of algorithm performance on the
same dataset and helps identify an optimal final predictive model.

XGBoost is a relatively recent optimized extension of the Gradient Boosting Machine
(GBM) algorithm, widely recognized for strong predictive performance and computational
efficiency. It relies on several optimization strategies designed to accelerate tree construction,
including histogram-based approaches that reduce computation time while maintaining high
accuracy (Chen et Guestrin 2016; Bentéjac et al. 2021; Sibindi ef al. 2022). XGBoost also

incorporates multiple regularization and tree-complexity control mechanisms that help limit
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overfitting compared with other GBM extensions (e.g., LightGBM; Ke et al. (2017) (Chen
et Guestrin 2016; Bentéjac et al. 2021; Sibindi et al. 2022). Despite these mechanisms,
XGBoost performance remains strongly dependent on hyperparameter selection, making it
more sensitive to hyperparameter tuning than other ensemble methods such as Random
Forest (Kavzoglu et Teke 2022; Bergen et al. 2023). Hyperparameter optimization is
therefore an essential step for maximizing predictive performance and ensuring fair
comparison among evaluated models (Arnold ef al. 2024). Despite this increased complexity,
several studies have shown that XGBoost can outperform Random Forest in predictive
performance, supporting its inclusion in this study (Effrosynidis et al. 2020; Bergen et al.
2023; Kang et Yoon 2024).

Although machine learning algorithms such as Random Forest and XGBoost are
generally robust to collinearity among predictors, removing redundant or weakly informative
variables is common practice which may improve computational efficiency and, in some
cases, model performance (Strobl ef al. 2007; Effrosynidis et al. 2020; Martin et al. 2021).
Accordingly, highly correlated predictors were removed prior to modeling using a Spearman
correlation matrix, applying a threshold of |p| > 0.8. The final predictors retained for modeling
were elevation (Elevation), COSEWIC Canadian freshwater biogeographic zones
(Biogeographic), cumulative growing degree-days above 5 °C on 15 April (GDDS5_15April)
and 30 June (GDDS5 30June), latitude (Latitude), and total spring precipitation
(Spring_Precipitation) (Appendix A).

In addition to machine learning models, generalized additive mixed models (GAMMs)
were also fitted using the same predictors and the same training set, consisting of 80% of the
data randomly selected (set.seed(123)), to ensure comparability of results across approaches.

To reduce the risk of overfitting and improve model robustness, repeated fivefold cross-
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validation (5 % 5) was applied to the training set (Effrosynidis ez al. 2020). With the exception
of GAMMs, model hyperparameters were tuned individually using a grid search
implemented via the dials package in R, with the objective of minimizing root mean squared
error (RMSE; Appendix E) (Martin et al. 2021; R Core Team 2025). The presence of
overfitting or underfitting was assessed by comparing training and testing performance
(RMSE and R?), as well as through visual inspection of plots comparing predicted and
observed values (Appendix F and G) (Breiman 1996; Bonaccorso 2018; Kavzoglu et Teke
2022). Because the initial XGBoost model obtained from the grid search showed marked
overfitting, the hyperparameter grid was narrowed toward more regularized configurations
by limiting tree complexity and strengthening split criteria, which improved its performance
and generalization performance.

Final model performance was evaluated using the remaining portion of the data (test
set = 20%), from which RMSE and the coefficient of determination (R?*) were computed
using the caret package in R (R Core Team 2025). These two metrics are widely used in the
literature to compare predictive performance across algorithms (Effrosynidis et al. 2020;
Martin et al. 2021). Final model selection was based on RMSE and R? values, as well as
computation efficiency. The selected model was then applied to predict spawning onset and
end dates across the Québec range of walleye using spatially extracted environmental
predictors. The resulting raster maps had a spatial resolution of 0.1° % 0.1°, corresponding to

the lowest resolution among the data sources used.

2.3.3 Model selection and analysis

The relative importance of environmental variables used in the Random Forest models

was visualized using the varImpPlot function from the randomForest package in R (R Core

22



Team 2025). This function provides two complementary variable-importance measures for
each predictor: %IncMSE and IncNodePurity (Dewi et Chen 2019). The %IncMSE metric
relies on data not used to build each tree (out-of-bag; OOB) and evaluates the predictive
contribution of a variable by quantifying the average increase in prediction error when its
values are permuted (Breiman 2001; Dewi et Chen 2019). Thus, higher %IncMSE values
indicate a greater contribution to model predictive performance. The second measure,
IncNodePurity, reflects the contribution of variables to increasing node purity during the
construction of decision trees (Dewi et Chen 2019). In regression models, this measure is
based on the reduction of mean squared error (MSE) associated with successive tree splits,
with higher values indicating an increased ability to partition observations into more
homogeneous groups with respect to the response variable (Dewi et Chen 2019).

Predictor effects on the response variable were then explored using accumulated local
effects (ALE) curves (Apley et Zhu 2020), calculated with the im/ package in R (R Core
Team 2025). This approach allows visualization of changes in model-predicted values as
predictor values increase, while accounting for dependencies among explanatory variables
(Gkolemis et al. 2022; Dyba 2024). Although ALE curves are more sensitive when applied
to small datasets, they offer an advantage over more classical methods such as partial
dependence plots (PDPs), as they are less affected by interactions and collinearity among
predictors and rely solely on combinations observed in the training set (Gkolemis et al. 2022;

Dyba 2024).
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2.4 Results

2.4.1 Model selection and analysis

Although Random Forest and XGBoost showed comparable performance overall,
Random Forest performed better in modeling spawning end dates, whereas XGBoost
performed better for spawning onset dates (Table 1). Because its execution time was
approximately three times shorter, the Random Forest algorithm was selected as the primary
model to document and model the spawning period of walleye in Québec.

Table 1. Comparison of predictive performance among models (RandomForest, XGBoost

and GAMM) for spawning timing (onset and end) of walleye in Québec

Onset of spawning End of spawning Mean
RMSE R? Time(s) |[RMSE R?> Time(s) |[RMSE R?>  Time (s)
RandomForest| 5.48 0.72 721.53 5.03 0.77 453.74 526 0.75 587.64
XGBoost 530 0.74 2230.06 | 5.14 0.75 2300.5 522 0.75 2265.28
GAMM 6.64 0.59 15.88 588 0.67 1295 6.26 0.63 14.42

Model

2.4.2 Spawning duration

The GAMM including maximum water temperature (°C), maximum air temperature
(°C), photoperiod at spawning onset (hours), and biogeographic zones as a random effect
explained 49.9% of the observed deviance in spawning duration in walleye populations
sampled across Québec (Table 2). All predictors included in the model were statistically
significant (p < 0.05). In terms of relative contribution to deviance explained, maximum
water temperature was the dominant predictor (48.6%), followed by maximum air

temperature (28.4%), photoperiod (14.7%), and biogeographic zones (8.3%) (Table 2).
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Table 2. Effects of environmental predictors on walleye spawning duration in Québec

(GAMM results and deviance explained)

% Deviance

Variable Estimate Std. Error t-value Pr(>|t)) .
explained
Onset Photoperiod -0.155 0.066 -2.335 0.022 14.7
Variable edf Reference df F p-value -
s(Max_Twater) 1.939 2.441 19.293 <2e-16 48.6
s(Max_Tair) 1.874 2.374 13.124  5.55E-06 28.4
s(Biogeographic) = “re” 1.686 2 4.298 0.00763 8.3
Deviance explained (%) = 49.9 R? adj. = 0.408

Partial effects showed that relationships between predictors and the response were
generally linear. Maximum air temperature showed a marked negative effect, particularly
beyond approximately 15-18 °C, though this portion of the predictor range was supported by
fewer observations. In contrast, maximum water temperature showed a positive effect, with
the estimated effect increasing when temperatures exceeded roughly 13-18 °C. The estimated
linear effect of photoperiod at spawning onset was negative, indicating shorter spawning
durations under longer day-length conditions, with observed photoperiod values ranging
from approximately 13.5 to 16.5 hours. Finally, the random effect associated with
biogeographic zones revealed significant differences among regions (p = 0.008).
Biogeographic zone 3, corresponding to southern Hudson Bay and James Bay, was
associated with longer spawning duration than in other zones (Figure 2).

Partial effects of maximum water temperature showed an increase in spawning duration
with increasing maximum water temperature. Climatic conditions associated with
observations recorded at a maximum water temperature of at least 15 °C were compared with
those observed at temperatures below 15 °C using Student’s t-tests with Bonferroni

correction (Armstrong 2014). Only cumulative GDDS values as of 30 June were significantly
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higher when maximum water temperature was at least 15 °C (p = 0.003), whereas no

significant differences were detected for the other climatic variables tested (p > 0.05;

Appendix H).
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Figure 2. Effects of environmental variables on walleye spawning duration inferred from

GAMM analysis.

2.4.3 Spawning onset and end

Models predicting spawning start and end dates showed comparable performance, with
an RMSE of 5.48 days and an R? of 0.72 for spawning onset, and an RMSE of 5.03 days and
an R? of 0.77 (Table 1). In both cases, the %IncMSE and IncNodePurity metrics identified
GDDS5_15April as the most important predictor in terms of both predictive performance and
model structure. In the spawning onset model, this variable represents the main explanatory

factor, as latitude, elevation, GDD5 30June, and spring precipitation exert a similar and
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markedly weaker influence. Conversely, in the spawning end model, the importance of
GDDS5 _15April is closely followed by elevation, latitude, GDD5 30June, and spring
precipitation, in decreasing order of importance. In both models, biogeographic zones show
low and comparable importance from both performance and structural perspectives. From a
structural perspective, latitude and GDD5 30June exert similar influence in the spawning
end model, whereas their respective contributions are reversed and overall weaker in the
spawning onset model. Finally, elevation contributes moderately to model structure in both
cases (Appendix I).

Accumulated local effects (ALE) curves revealed generally consistent relationships
between predictors and spawning timing. In both models, GDD5 15April and GDD5 30June
showed negative trends, indicating that higher GDDS5 values were associated with earlier
spawning dates. A latitudinal gradient in spawning timing was also observed, with
populations located at higher latitudes associated with later spawning dates. In both models,
a nonlinear relationship between elevation and spawning timing was identified, with earlier
dates occurring at intermediate elevations (approximately 300-350 m), whereas lower or
higher elevations were associated with later dates. Biogeographic zones also showed
differential effects, with zone 3 (southern Hudson Bay-James) associated with generally
earlier spawning dates compared with other zones. Finally, spring precipitation showed
similar responses across spawning phases. For spawning onset, intermediate values (200-250
mm) were associated with relatively later dates, whereas the spawning end model highlighted
a more complex response characterized by multiple changes in effect between 200 and 275

mm (Appendix J).
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2.4.3.1 Modeling under current climate conditions

Across Québec, model-predicted spawning onset ranged from approximately April 23 to
May 13, while spawning end ranged from May 15 to June 1. Although spawning duration
remained relatively constant across the latitudinal gradient, a slight increase was observed
beyond 52°N, coinciding with stabilization of spawning onset between 52-55°N. Between
45-48°N, spawning onset showed stronger latitudinal variation compared with spawning end,
which showed a more gradual latitudinal pattern (Figure 3). In this region, the maps revealed
substantial variation in spawning dates within the same latitudinal band, particularly in
spawning onset. Notably, populations located in southern regions and in the St. Lawrence
Lowlands near Montreal and along the Ottawa River exhibited generally earlier spawning
dates. Earlier spawning periods were also observed in certain inland areas, notably in the
Mont-Laurier depression between Rouyn-Noranda and Montreal and in the Lake Saint-Jean

Lowlands near Saguenay, reflecting the influence of elevation (Figure 4).
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Figure 3. Latitudinal patterns in modeled spawning start and end dates of walleye in Québec

for the 1991-2020 period.
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Figure 4. Modeled spawning onset (left) and end (right) dates of walleye across its Québec
range (1991-2020) at 0.1° x 0.1° spatial resolution.

2.4.3.2 Modeling under future climate scenarios

Modeled spawning start and end dates under the SSP2-4.5 scenario for the 1991-2020
period showed spatial and latitudinal patterns comparable to those obtained from historical
Info-Climat data (Figures 4 and 5). Dates predicted under SSP2-4.5 appeared slightly later
for both spawning onset and end based on visual analysis of the maps, potentially reflecting
differences between the modeled environmental predictors used for future scenarios and the
observed data used for the reference period.

Comparison of future projections (2071-2100) with current conditions (SSP2-4.5 -
1991-2020) indicated a marked advancement of the spawning period under both scenarios

tested. On average, spawning onset was projected to happen approximately 8 days earlier
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under SSP2-4.5 and 12 days earlier under SSP5-8.5, while spawning end advanced by about
7 and 12 days, respectively. This advancement was not uniform along the latitudinal gradient
under either scenario. For example, populations located south of 48°N showed a more
pronounced shift toward earlier spawning under both scenarios compared with the reference
period. In contrast, populations north of 52°N showed little change under SSP2-4.5, whereas

a stronger advancement was observed under SSP5-8.5 (Figure 5).
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Figure 5. Modeled spawning onset (top) and end (bottom) dates of walleye across its Québec
range under SSP2-4.5 (1991-2020, 2071-2100) and SSP5-8.5 (2071-2100) scenarios at

0.1° x 0.1° spatial resolution.
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In addition to observations from the spatial analysis, differences in spawning onset and
termination dates between the reference period (1991-2020) and the future period (2071-
2100) under both scenarios revealed contrasting latitudinal patterns. Populations located at
the southernmost extent of the province exhibited the greatest advances, reaching
approximately 15 days. Under the SSP2-4.5 scenario, between 46°N and 52°N, advancement
of spawning onset remained relatively stable (~7 days), whereas advancement of spawning
termination was more variable (~5 to 10 days), particularly around 47°N, as indicated by the
dispersion of observations around the trend curves. Under the SSP5-8.5 scenario, between
46°N and 50°N, advancement of spawning onset ranged from 10 to 15 days, while spawning
termination remained more stable (~10 days). Beyond approximately 52°N, the magnitude
of advancement decreased and became nearly negligible around 53°N (SSP2-4.5) and 55°N
(SSP5-8.5). At these latitudes, the spawning period was shorter, with spawning onset

showing less advancement, or even slight delays, relative to spawning termination (Figure 6).
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Figure 6. Latitudinal patterns in modeled spawning onset, end, and duration of walleye in

Québec under SSP2-4.5 (1991-2020 and 2071-2100) and SSP5-8.5 (2071-2100).

2.5 Discussion

The overall objective of this study was to document the influence of environmental
variables on the spawning period of walleye in Quebec. As suggested by the literature,
temperature emerged as the determining factor in the initiation, duration, and cessation of the
species’ spawning period. Our results indicated a negative effect of cumulative DJC5 from
January 1 to April 15 on spawning onset, with this variable identified as the dominant
predictor. Cumulative DJCS5 as of April 15 also emerged as the most influential variable for
spawning termination, although this response was also associated with the combined effect

of other environmental factors. To our knowledge, this study is among the first to have
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developed a predictive model of spawning onset and termination dates for walleye across its
entire distribution range in Quebec. In total, 484 observations of spawners on spawning sites,
derived from both published scientific and grey literature, were used to train the machine
learning models. Combined with current environmental variables and future climate
projections, these models represent an innovative management tool for the species, notably

in the context of recreational fishing openings and climate change.

2.5.1 Performance of machine learning algorithms

Large-scale observational biological studies, such as the present one, are generally
characterized by high data variability due to the large number of factors influencing the
response variables that are not systematically accounted for, as well as the inherent noise and
stochasticity of natural processes (Meller et Jennions 2002; Leathwick et al. 2006; Martin et
al. 2021). As a result, ecological relationships between environmental predictors and the
response variable can be particularly difficult to model. By aggregating many relatively
simple models, ensemble methods provide increased flexibility and the ability to capture
complex interactions among predictors (Leathwick et al. 2006; Kosicki 2020). In several
ecological studies, they have demonstrated superior predictive performance compared with
more traditional approaches such as GAMMs, which rely on fitting a single parsimonious
model (Leathwick et al. 2006; Navarro et al. 2019; Kosicki 2020; Martin et al. 2021). Our
results confirm that ensemble models, particularly Random Forest and XGBoost, better
represented the structure of the ecological relationships observed in this study, exhibiting
higher predictive performance than GAMM (Table 1).

Random Forest and XGBoost were selected due to their widespread use in ecology and

their distinct learning principles (Pichler et Hartig 2023; Cao et al. 2025). However, their
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relative performance is known to depend strongly on dataset characteristics (Opitz et Maclin
1999; Dietterich 2000; De'ath 2007; Cao et al. 2025). In the present study, the evaluation
metrics used (RMSE and R?) did not discriminate between the two approaches, indicating
comparable predictive performance. This similarity may be explained by the structure of the
relationships observed between predictors and the response variable. Indeed, accumulated
local effects (ALE) revealed relatively simple relationships close to linearity. This suggests
that the enhanced capacity of XGBoost to model highly nonlinear and complex structures did
not translate into performance gains, while Random Forest appeared sufficient to capture the
dominant structure of the data (Dietterich 2000; De'ath 2007; Elith ef al. 2008).

Moreover, the high variability observed in the biological data used may also have
reduced the advantages of boosting approaches. Due to their sequential learning process,
these methods iteratively fit residuals, including those associated with atypical observations,
which can lead to partial modeling of noise (Dietterich 2000; Elith ez al. 2008). Although
XGBoost incorporates regularization mechanisms that improve its tolerance to such
conditions, it generally remains more sensitive to variability than Random Forest, which
relies on independent models and random predictor selection (Opitz et Maclin 1999;
Dietterich 2000; Geurts ef al. 2006; Cao et al. 2025).

Finally, algorithm-specific hyperparameters may also have contributed to the similarity
in performance. XGBoost relies on a larger number of hyperparameters to control overfitting
and model complexity (Chen et Guestrin 2016; Cao et al. 2025). While this flexibility
represents a theoretical advantage, it also makes the model more sensitive to hyperparameter
tuning and more difficult to optimize than Random Forest, which involves fewer
hyperparameters and is generally more robust to their specification (Thessen 2016; Kavzoglu

et Teke 2022; Bergen et al. 2023; Cao et al. 2025). Hyperparameter optimization for
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XGBoost was performed using grid search and subsequently refined over a reduced grid to
minimize RMSE. The process was continued until performance gains became negligible or
were accompanied by overfitting. Despite this procedure, it is possible that XGBoost was not
optimally tuned, thereby limiting the expected performance gains. In addition, the larger
number of hyperparameters, and thus combinations to evaluate, explains why XGBoost
required longer training times without providing notable predictive benefits in this context.
Overall, Random Forest and XGBoost demonstrated comparable predictive
performance in this study. The lack of superiority of XGBoost is likely explained by dataset
characteristics, particularly the relative simplicity of the relationships between predictors and
the response variable and the inherent variability of biological data. In this context, the
increased flexibility of boosting approaches did not result in additional performance gains.
Conversely, the robustness of Random Forest to noise, combined with its lower sensitivity
to parameter tuning and reduced computational cost, makes it a suitable approach for this
type of data. Accordingly, the Random Forest algorithm was retained for modeling spawning

onset and termination dates.

2.5.2 Effects of environmental variables on the reproductive window

2.5.2.1 Thermal cues

One of the main objectives of this study was to identify and quantify the relative
importance of environmental variables influencing the initiation and cessation of the
spawning period of walleye in Quebec. In this regard, growing degree days above 5 °C
(DJCS), accumulated as of April 15, emerged as the primary predictor in both the spawning
onset and termination models. DJC5 calculated from air temperature provide a robust

indicator of thermal energy accumulation and a reliable proxy for water degree days (Honsey
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et al. 2019), thereby indirectly capturing the thermal signal to which ectothermic organisms
respond (Neuheimer et Taggart 2007). In contrast to DJC5 accumulated as of June 30, the
use of April 15 as a threshold date likely better reflects spring thermal conditions specific to
each year. Because Quebec’s climate generally remains below 5 °C during April, this
approach provides a measure of early spring thermal conditions that is independent of
subsequent short-term warming or cooling events that may affect spawning timing (Ministére
du Développement durable de 1'Environnement de la Faune et des Parcs 2012). DJCS
accumulated as of April 15 may therefore provide a more informative measure of the thermal
conditions preceding spawning.

In general, spawning initiation is associated with the first spring warming of water or
with ice-out date, a climatic indicator correlated with air temperature and, indirectly, water
temperature (Hokanson 1977; Malison et Held 1996; Schneider et al. 2010; Feiner et al.
2022). As these two metrics are rarely available at large spatial and temporal scales, the
results of this study highlight the relevance of DJC5 accumulated as of April 15 and June 30
as integrative proxies of spawning initiation. Thus, our findings are consistent with the
existing literature emphasizing the central role of temperature in the reproductive processes
of percids (Hokanson 1977; Migaud ef al. 2002; Lappalainen et al. 2003; Kayes et Calbert
2009; Fontaine et al. 2015).

In the spawning duration model, water and air temperature accounted for 49% and 28%
of the explained variance, respectively, confirming the predominant role of temperature in
regulating the pace of reproductive activity. Spawning generally occurs at water temperatures
between 4 and 11 °C, conditions favorable for gamete viability, fecundity, and embryonic
development (Koenst et Smith 1976; Hokanson 1977; Schneider et al. 2010; Arvisais et al.

2012; Feiner et Hook 2015; Feiner et al. 2022). Consequently, higher spring water
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temperatures are typically associated with shorter spawning periods (Rawson 1957).
Unexpectedly, the partial effects associated with maximum water temperature on spawning
duration reveal a pattern that appears inconsistent with the literature, as well as with the
results obtained for maximum air temperature, with spawning duration increasing at
maximum water temperatures above 13 °C (Figure 2). This relationship should, however, be
interpreted with caution. Analysis of observations associated with water temperatures > 15
°C indicates that they correspond to significantly higher DJC5 accumulated as of June 30 (p
=0.002964; Appendix H), reflecting a context of early seasonal warming. The absence of
differences between water temperature classes (< 15 °C vs > 15 °C) for other thermal
variables, (maximum air temperature and minimum air and water temperatures; APPENDIX
H) also suggests the occurrence of cooling events during spawning, maintaining water
temperature within a favorable range and thereby contributing to extended spawning duration
(Bozek et al. 2011a). Accordingly, the effects associated with maximum water temperature
should be interpreted in conjunction with the other indicators of seasonal warming, which
more accurately reflect the dominant thermal conditions during spawning. Overall, these
results confirm the structuring role of temperature in the initiation, duration, and cessation of

spawning in walleye.

2.5.2.2 Photoperiod and latitudinal cues

Latitude, used as a proxy for the spatial variation in photoperiod, did not emerge as a
major predictor in the spawning onset and termination models. Accumulated local effects
showed an approximately linear relationship between latitude and both spawning onset and
termination dates, consistent with the latitudinal thermal gradient commonly observed in

percids (Lappalainen et al. 2003; Bozek et al. 2011a). In the spawning duration model,
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photoperiod accounted for 14.7% of the explained deviance and showed a negative
relationship with spawning duration (Table 2). This pattern has been reported in other studies
and has been attributed to rapidly warming thermal conditions during late spawning events
(Feiner et al. 2022; Feiner et al. 2025). These results suggest that the effects of latitude and
photoperiod on spawning phenology are closely associated with seasonal thermal dynamics.

To our knowledge, only one study has identified photoperiod as the primary
determinant of spawning peak in walleye, in contrast with the results obtained here (Feiner
et al. 2025). In the present study, photoperiod had a limited contribution to spawning
duration, and its relationship with spawning phenology may partly reflect the underlying
latitudinal thermal gradient. This discrepancy may reflect local adaptation to photoperiodic
cues, it may also be related to the stocking history of the studied system, where the species
was introduced between 1933 and 1942 (Kempinger et Churchill 1972). Stocked populations
may exhibit regulatory mechanisms distinct from those observed in natural populations
(Claussen et Philipp 2022). For instance, Barta et al. (2024) reported that partially or fully
stocked populations of walleye showed no temporal trend in spawning peak, in contrast to
natural populations, which exhibited an advancement between 1940 and 2020 associated with
earlier ice-out. Similar patterns have been reported in other taxa, particularly salmonids,
where stocked individuals display reproductive patterns that differ from those of native
populations (Stefanik et Sandheinrich 1999; Austin et al. 2021).

In Quebec, stocking of walleye has been relatively limited over the past fifteen years,
and its effects on populations have been minimal (Genevieve Ouellet-Cauchon, personal
communication). The predominance of natural populations in the present dataset and the
regional scale of this study may partly explain the limited contribution of photoperiod

observed here. In this context, the importance of photoperiod reported by Feiner et al. (2025)
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may reflect a response specific to the single population they studied, or one characteristic of
stocked populations, rather than a mechanism that can be generalized across the species. This
interpretation remains hypothetical and would require targeted analyses on stocked

populations.

2.5.2.3 Other environmental variables

Similar to latitude, the other environmental variables included in the spawning onset
and termination models exhibited an influence secondary to degree-day, generally
interpretable through their relationship with climatic conditions. Elevation represented the
second most important predictor in the spawning termination model, followed by latitude,
whereas in the spawning onset model, the remaining predictors, excluding biogeographic
zones, showed comparable and secondary effects. In both Random Forest models,
accumulated local effects indicated later spawning at both low (< 250 m) and high (> 350 m)
elevations, the latter being predominantly associated with higher-latitude regions (Appendix
J). This pattern is consistent with the combined influence of altitudinal and latitudinal thermal
gradients. Indeed, colder temperatures observed at higher elevations and latitudes slow spring
warming, which may delay spawning initiation, extend its duration, and postpone its
termination (Webb et McLay 1996; Riedl et Peter 2013).

Spring precipitation likely exerts a similarly indirect influence by modulating the
thermal and hydrological conditions of aquatic systems (Caissie 2006; Webb et Nobilis
2007). Few studies have identified precipitation as a direct determinant of walleye spawning,
and no significant relationship has been observed in some systems (Bozek et al. 2011b;
Feiner et al. 2025). In this study, the use of total spring precipitation, including both solid

and liquid forms, complicates the interpretation of predictor effects and may explain the
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absence of clear trends (Appendix J). Indeed, these two forms of precipitation exert opposing
effects on the thermal conditions of water bodies. Rainfall, more frequent at lower latitudes
and elevations, may promote earlier ice breakup (Chen et She 2020). Conversely, substantial
snow cover, due to its insulating properties and albedo effect, limits heat exchange at the air—
ice interface and delays ice breakup. Reduced snow cover may therefore promote earlier
warming of aquatic systems (Chen et She 2020). Taken together, these findings suggest that
precipitation may primarily influence spawning indirectly through its effects on the thermal
regimes of water bodies.

Finally, biogeographic zones contributed little to model performance across all models,
requiring cautious interpretation of their effects. The limited number of observations in
certain zones, particularly zone 9 (Lower St. Lawrence) and northern regions of zone 3
(Southern Hudson Bay), may have reduced the ability of the models to detect potential
evolutionary adaptations of populations. Overall, only zone 3 exhibited a pattern distinct
from the other zones. However, it remains difficult to determine whether this pattern reflects
evolutionary adaptation or is primarily attributable to the climatic conditions specific to this
northern region, which may have slowed spring warming and contributed to a longer
spawning duration. With respect to this predictor in the Random Forest models, results
suggest generally earlier spawning in this zone, potentially reflecting a distinct evolutionary
response compared with other zones. However, the marginal importance of this predictor in
the models limits the strength of this interpretation. Additional data would be required to

better characterize its influence.
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2.5.3 Summary

Overall, the results of this study highlight the predominant role of temperature in
regulating the different components of walleye spawning, including its initiation, duration,
and cessation. Variables derived from thermal accumulation, such as DJCS5, proved
particularly effective in capturing this thermal signal, despite the absence of direct water
temperature measurements. In contrast, latitude and photoperiod appeared to play secondary
roles, with their effects likely reflecting the influence of the latitudinal thermal gradient rather
than direct effects on spawning phenology. The spawning termination model, however, was
characterized by a greater contribution of elevation and latitude, suggesting a more complex
response linked to geography and local context. Other environmental variables, including
precipitation and biogeographic zones, showed relatively weak effects, and their
interpretation in the context of this study remains limited, but may partly reflect their
association with regional gradients. Overall, although multiple predictors contributed to
explaining the observed variability, the results consistently point to a dominant role of

temperature in shaping the spawning dynamics of walleye in its northern distribution range.

2.5.3.1 Effects of climate change on the reproductive window

Because temperature emerged as the dominant driver of spawning phenology,
projected climate change provides an opportunity to assess how future changes in thermal
conditions may alter the timing and duration of reproduction across Québec. The analysis of
projected trends in the spawning period of walleye for the 2071-2100 horizon, under the
SSP2-4.5 and SSP5-8.5 scenarios, should therefore be interpreted considering the
relationships identified between environmental variables and the different components of

spawning. Overall, the results indicate an earlier date of spawning onset under both climate
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scenarios, although the magnitude of this shift varies with latitude and emission scenario.
This general pattern is consistent with the structuring role of temperature highlighted in this
study and with overall spring warming leading to earlier attainment of the thresholds required
to trigger reproduction (Ouranos 2015).

In the southern portion of the province, populations are expected to exhibit the most
pronounced advances. This response can be explained by the combination of higher thermal
conditions, increased winter and spring precipitation in the form of rain, and reduced snow
cover, all of which promote more rapid and earlier warming of water bodies (Ouranos 2015;
Chen et She 2020). However, spawning termination shows a less pronounced advance than
initiation, resulting in an overall extension of the reproductive period. This pattern is
consistent with the greater contribution of elevation in the spawning termination model and
with the characteristic topography of southern latitudes (Appendix I). The presence of higher-
elevation areas may locally slow spring warming, maintaining favorable thermal conditions
over a longer period and thereby delaying spawning termination (Webb et McLay 1996;
Riedl et Peter 2013).

At higher latitudes, projected trends appear more contrasted and reflect the importance
of interactions between temperature and precipitation. In a warming context where winter
and spring temperatures remain sufficiently low for precipitation to still occur as snow, an
increase in maximum snowpack is expected (Ouranos 2015). This greater snow cover may
delay the warming of water bodies and thus postpone spawning onset. However, once snow
cover disappears, thermal conditions may evolve rapidly toward warm summer-like
conditions due to higher air temperature (Feiner et al. 2022). This accelerated warming is
likely to reduce the duration over which water temperatures remain within the optimal range

for reproduction, resulting in a compression of the spawning period, as observed in the results
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(Figure 7). Thus, projected changes are not limited to earlier spawning dates but also involve
variations in spawning duration, which differ according to latitude and the topographic

characteristics of the province.

2.5.4 Limitations

At the provincial scale, abiotic variables generally represent good predictors of the
observed variance (Alofs et Jackson 2015). However, the use of air temperature as a proxy
for water temperature relies on the assumption that water bodies within a given region
respond similarly to a given level of climate warming. Lake-specific characteristics such as
surface area, water clarity, depth, wind exposure and groundwater resurgence can modulate
thermal responses (Fang et Stefan 2009; Read et al. 2014; O'Reilly et al. 2015). Hansen et
al. (2016) notably highlighted a degree of thermal resilience in certain water bodies,
attributed to their morphometric properties. The integration of such variables was not
possible in this study due to its spatial extent, the large number of systems considered, and
the lack of availability of these data at broad scales. The observed trends should therefore be
interpreted with caution, as they do not account for thermal heterogeneity among systems.
Additional limitations related to data structure, including the potential influence of stocking
as well as the limited number of observations in certain regions of the province, have also
been discussed and should be considered when interpreting the results.

Beyond these constraints, several biotic factors likely influencing the reproductive
window of walleye could not be included. Population age structure may influence spawning
duration, as some studies have reported staggered arrival of individuals at spawning sites,
with males followed by older females and then younger ones (Bodaly 1980; Lappalainen et

al. 2003). Populations with a broader age structure may therefore exhibit longer spawning
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periods. Female body condition represents another factor potentially influencing
reproductive phenology. Although poorly documented in this species, it may delay or prevent
spawning in individuals lacking sufficient energy reserves to complete gamete maturation
(Henderson et Morgan 2002; Jergensen et al. 2006). Targeted studies would be required to
better quantify the influence of these biotic factors on spawning initiation, duration, and
termination. Despite these limitations, the models developed provide relevant tools for
characterizing general trends in the spawning period of walleye at the scale of Quebec, as

well as their potential evolution under different climate scenario
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3. CONCLUSION GENERALE

L’objectif général de cette étude était de documenter I’influence des variables
environnementales sur la période de fraie du doré jaune au Québec. A notre connaissance, il
s’agit de la premiere étude ayant permis de développer un mode¢le prédictif des dates de début
et de fin de la fraie de I’espéce a 1’échelle de son aire de répartition québécoise. Notamment,
I’utilisation d’une forét d’arbres de décision a permis d’identifier et de quantifier les
prédicteurs environnementaux modulant I’initiation et la cessation de la fraie, en plus de
capter leur influence respective sur la variable réponse.

Les résultats obtenus mettent en évidence un contréle dominant des conditions
thermiques sur I’ensemble des composantes de la fraie. L’accumulation thermique
printaniére, représentée par les degrés-jours de croissance calculés au-dessus de 5 °C (DJCS)
et cumulés au 15 avril, apparait notamment comme le principal prédicteur des dates de début
et de fin de la reproduction. Moins sensibles aux épisodes de chaleurs extrémes que les DJC5
cumulés au 30 juin, les DJCS au 15 avril ont permis de mieux refléter les conditions
thermiques printanieres des systemes étudi€s. Plus précisément, les résultats indiquent qu’un
réchauffement printanier hatif entraine un déclenchement précoce de la fraie, tandis qu’un
printemps tardif est associ€¢ a un debut retardé et a une fraie €écourtée, en raison d’un
réchauffement plus rapide des conditions thermiques (Feiner et al. 2022; Feiner et al. 2025).
Ces observations confirment le role central de la température dans ’initiation et la cessation
de la fenétre reproductive du doré jaune (Hokanson 1977; Malison et Held 1996; Schneider
et al. 2010; Feiner et al. 2022).

Les autres variables environnementales intégrées aux modeles, notamment la

photopériode (estimée par la latitude), I’¢lévation et les précipitations printanicres totales,



présentent une contribution plus limitée et semblent principalement agir comme des
indicateurs ou des modulateurs des conditions thermiques, plutét que comme des facteurs
déclencheurs directs. Dans cette étude, la latitude, utilisée comme proxy de la variation
spatiale de la photopériode, n’a pas émergé comme un déterminant direct de la fraie. Son
influence semble plutdt refléter celle du gradient thermique latitudinal. Ce résultat suggere
que les variations spatiales observées a 1’échelle du Québec sont principalement associées
aux dynamiques climatiques régionales. De méme, l’influence de I’¢lévation et des
précipitations semble s’expliquer par leur réle dans la modulation du réchauffement
printanier, notamment a travers leurs effets sur la dynamique du réchauffement printanier et
sur les conditions d’enneigement (Webb et McLay 1996; Riedl et Peter 2013; Chen et She
2020). Dans I’ensemble, ces observations confirment que, malgré la diversité des variables
considérées, la température demeure le facteur structurant de la dynamique de fraie du doré
jaune au Québec (Hokanson 1977; Malison et Held 1996; Schneider ef al. 2010; Feiner et al.
2022).

Quant aux projections climatiques, elles ont indiqué un devancement généralis¢ de la
période de fraie a I’horizon 2071-2100, sous les scénarios SSP2-4.5 et SSP5-8.5, bien que
I’ampleur de ce déplacement varie selon la latitude et le scénario d’émissions. Ce patron
général est cohérent avec le role structurant de la température mis en évidence dans cette
¢tude et d’un réchauffement global des températures printaniéres se traduisant directement
par une atteinte plus précoce des seuils nécessaires au déclenchement de la reproduction
(Ouranos 2015). Les résultats montrent toutefois que ces changements ne se limitent pas a
un simple décalage des dates de fraie, mais s’accompagnent également de modifications de
la durée de la période de reproduction. Dans les régions méridionales, le début de la fraie se

déplace plus rapidement que sa fin, ce qui se traduit par un allongement de la période de
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reproduction. A ’inverse, dans les régions nordiques, une contraction de la période de fraie
est observée, caractérisée par un décalage plus faible du début et un devancement plus
prononcé de la fin. Ces contrastes mettent en évidence I’importance de la topographie et des
précipitations printaniéres dans la modulation du rythme de réchauffement printanier,
influengant ainsi la durée de la fraie.

Certaines limites aux modéles doivent toutefois étre considérées. L’utilisation de la
température de 1’air comme métrique de la température de I’eau ne permet pas de tenir
compte de I’hétérogénéité des réponses thermiques entre les plans d’eau face aux
changements climatiques. De plus, le faible nombre d’observations dans certains secteurs,
notamment dans la zone biogéographique 9 (Bas-Saint-Laurent), a I’extrémité nord de ’aire
d’étude ou dans des systémes complexes comme le fleuve Saint-Laurent, a pu limiter la
détection d’adaptations locales. Enfin, certains facteurs biotiques susceptibles d’influencer
la fraie, tels que la structure d’age des populations ou la condition corporelle des individus,
n’ont pas été intégrés aux modeles.

Les résultats de cette étude présentent un intérét direct pour la gestion du dor¢ jaune au
Québec. Cette espece étant particulierement vulnérable lors de la fraie, en raison de la
concentration de géniteurs dans des secteurs restreints, un chevauchement entre la période de
fraie et ’ouverture de la péche sportive peut entrainer la mortalité de nombreux géniteurs
avant qu’ils n’aient contribué au renouvellement du stock. Dans cette optique, les modeles
développés constituent des outils permettant une gestion proactive adaptée aux réalités
locales des populations. Ils peuvent notamment servir d’assise scientifique a 1’établissement
de dates d’ouverture de la péche sportive maximisant la protection des rassemblements de
reproducteurs. Dans un contexte de changements climatiques, cette protection devient

d’autant plus importante. La combinaison de pressions supplémentaires, telles que les
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événements météorologiques extrémes, les espeéces envahissantes, les activités anthropiques
et les risques d’asynchronies trophiques, accentue les risques pour la pérennité des
populations. La mise en place d’une gestion intégrée axée sur les facteurs de pression
controlables devient ainsi essentielle afin de limiter les risques de déclin. Ces éléments
soulignent la nécessité de poursuivre les travaux afin de mieux comprendre les interactions
entre facteurs abiotiques et biotiques. Pour de futures recherches, 1’ajout d’observations dans
les secteurs sous-représentés, ainsi que 1’intégration de variables permettant de distinguer les
systémes complexes, constitue des solutions accessibles afin d’améliorer la performance et

la précision des mode¢les.
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ANNEXES

APPENDIX A. Descriptive summary of predictors in the models

Name Description Unit Source
Max_Tair v ai
Min _Tair M?cgfrlleiri?;lr}; ar Degrees Celsius Service Info-Climat
- pe (°C) du MELCCFP
Moy Tair (max/min/mean)
Max_Twater :
. Daily water Degrees Celsius Collected at the
Min_Twater temperature S . .
. (°C) sampling site
Mean_Twater (max/min/mean)
Elevation Elevation 30 seconds Meters (m) WorldClim
Onset_Photoperiod Daylight duration on getSunlightTimes
- the first or last day of Hours (H) function from the
End_Photoperiod spawning suncalc R package

GDD5_15April

GDDS5 30June

Cumulative growing
degree-days above
5°C by April 15 or

June 30

Degrees Celsius
0

Calculated from
mean daily air
temperature

Spring_Precipitation

Total liquid and
solid precipitation
from March to May

Milimeters (mm)

Ouranos

Start FrostFree

Start of the period
without at least four
consecutive frost
nights (minimum
temperatures below
0°C)

Day of the year
(DOY)

Ouranos

Latitude
Longitude

Geographic
coordinates

Decimal degrees
(DD)

Collected at the
sampling site

Biogeographic

National freshwater
biogeographic zones

COSEWIC

Watershelds

Multiscale watershed
levels 1 and 2 in
Québec (priority
given to level 2)

Onset Moon

End Moon

Daily fraction of the
moon illuminated at
midnight (01,
where 1 represents a
full moon)

Percentage (%)

getMoonlllumination
function from the
suncalc R package

Radiation

Solar radiation

KJ m-2 day-1

WorldClim




APPENDIX B. Spearman correlation matrix of environmental predictors

2 3
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Max_Twater 0.27 -0.08-0.38-0.16-0.22-0.06 0.1 0.27 0.28 -0.27 0.31 0.44 0.29 .

Spring_Precipitation -0.07 0.08 -0.13 01 0.15-0.02 0.3

GDD5_30June -0.03 0.05 0.09 0.17 0.26 0.36 0.15 0.43

GDD&_15April 004 0 -0.16-0.03 0.16 0.18 -0.1 0.27

0.17 -0.05 0.07 0.01 -0.21-0.05-0.29 -0.1 -0.42-0.14-0.15-0.13

Elevation

Start_FrostFree 0 -0.030.08 -01 -04 -0.2 -0.01-0.31

Onset_Photoperiod 0.15 0.03 0.38 0.34 -0.22 0.1 0.38 -0.04

Radiation 0.12 -0.04 0.35 0.19 -0.48 0.05 0.29 0.1

-0.33 0.23 0.35 0.05 -0.110.19 0.3 0.07

Onset_Moon

End_Moon -0.050.05 -0.02 0.2 -0.1 -0.01-0.04

0.15 -0.1 0.39 04

Mazx_Tair

Min_Tair 0.06 0.14 0.42 0.4

Latitude -0.2 -0.07 0.12 -0.18
Longitude -0.07 0.01 0.16
Min_Twater

Mean_Tair

Mean_Twater

0.8

0.6

0.4

0.2

-0.2

-0.4

-0.6

-0.8

1



APPENDIX C. Concurvity matrix of smooth terms

s(Onset_Photoperiod)
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s{Max_Twater)

s(Elevation)
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APPENDIX D. Top five GAMM models explaining spawning duration ranked by AIC

# Formula AIC AAIC

s(Max_Twater) + s(Max_Tair) + Onset Photoperiod + Elevation +
s(Biogeographic, bs = "re") + s(Watersheds, bs = "re")
s(Max_Twater) + s(Max_Tair) + Onset Photoperiod + Elevation +
s(Biogeographic, bs = "re")

3 s(Max_Twater) + s(Max_Tair) + Onset Photoperiod + s(Biogeographic, bs ="re") 507,93 1,21
s(Max_Twater) + s(Max_Tair) + Onset Photoperiod + Elevation + Onset Moon +
s(Biogeographic, bs = "re") + s(Watersheds, bs = "re")

s(Max_Twater) + s(Max_Tair) + Onset Photoperiod + Elevation + Onset Moon +
s(Biogeographic, bs = "re")

506,73 0,00

507,42 0,69

508,84 2,11

509,46 2,73

APPENDIX E. Hyperparameter tuning grid and selected values for Random Forest
and XGBoost models

Random Forest (start and end of spawning)

Hyperparameter Range tested Selected Value

mtry 1-6 2
trees 300-2000 2000
min_n 2-60 2

XGBoost (start and end of spawning)

Hyperparameter Range tested Selected Value

trees 200-2500 1650
min_n 1-80 10
tree_depth 2-10 5
learn_rate 0,001-0,1 Not tuned
loss_reduction 1e-06-0,1 0,00316

mtry 2-7 2




APPENDIX F. Comparison of model performance for predicting spawning onset
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Figure A. Observed (black) vs. predicted (blue) values for spawning onset models.
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Figure B. Comparison of training (black) and test (blue) performance (RMSE, R?) for models

predicting spawning onset.



APPENDIX G. Comparison of model performance for predicting spawning end

Random Forest | GAMM |
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Figure C. Observed (black) vs. predicted (blue) values for spawning end models.
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Figure D. Comparison of training (black) and test (blue) performance (RMSE, R?) for

models predicting spawning end.



APPENDIX H. Comparison of climatic conditions associated with complete
observations recorded at a maximum water temperature below 15 °C or at least 15 °C

Max_Twater groups (mean +

Variables SE) t df  p-value f I;}}Zl{:fni
<15°C >15°C

GDDS5_15av 6,93 + 1,33 8,51+2,31 -0,59 20,94 0,56 1
GDDS5_30juin 467,03 £ 13,07 572,74 +£22,21 -4,10 21,37 0,000494 0,002964
Onset Photoperiod 16,26 +0,38 18,79 + 0,99 1,07 16,59 0,298 1
Min_Twater 2,41 £0,28 4,38 +0,82 -2,23 15,44 0,0412 0,2472
Max_Tair 6,35+0,23 7,82 +£0,62 -2,39 15,84 0,0298 0,1788
Min_Tair 1490+0,08 14,68+0,19 -2,29 14,86 0,0374 0,2244




APPENDIX I. Importance of environmental predictors in the Random Forest model
predicting spawning onset and end
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Figure E. Importance of environmental predictors for spawning onset.
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Figure F. Importance of environmental predictors for spawning end.
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APPENDIX J. Effects of environmental predictors in the Random Forest model
predicting spawning onset and end
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Figure G. Effects of environmental predictors for spawning onset.
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Figure H. Effects of environmental predictors for spawning end.






