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evolutionary consequences, and conservation implications
University of Oulu Graduate School; University of Oulu, Faculty of Science
Acta Univ. Oul. A 777, 2022
University of Oulu, P.O. Box 8000, FI-90014 University of Oulu, Finland

Abstract

Current environmental changes lead to declines in species abundances globally, creating a need
for understanding mechanisms shaping community composition. Species interactions are a
fundamental force in shaping species distributions affecting, for example, the functionality of
entire multispecies networks. Still, interactions are poorly integrated in current estimation of
community dynamics. Examining correlations in species abundances, such as species pairwise
aggregations or segregations, may provide an opportunity to understand species interactions, and
novel developments in Joint Species Distribution Models (JSDMs) facilitate the derivation of
these associations. My aim is to expand the current understanding of species associations and
interactions at large spatial scales, specifically examining (I) can species associations be used to
develop practical tools for estimating species abundances in communities, (II) do species
interactions leave a signal in community composition, and (III) what ecological and evolutionary
consequences may selective interspecific information use have at the community level. I derived
species associations from Finnish and French breeding bird data, covering a large spatial and
temporal range, using a JSDM (I, II). Furthermore, I used linear models to examine the sign of
species interactions in community composition (II). I used a simulation model to examine the
ecological and evolutionary consequences of selective social information use. The results suggest
that (I) the abundance of tit species could be used as an efficient ecological indicator for the total
density of other forest birds, (II) environmental filtering and positive species associations leave a
stronger sign than competition at large spatial scales on bird community composition, and (III)
(selective) social information use may lead to trait divergence, convergence or a coevolutionary
arms race between species. Overall, these results indicate that species interactions may have
immediate and long-lasting community-level effects, and accounting for them is critical in
estimating community dynamics at large spatial scales. Thus, interaction networks may have
profound effects on species’ responses to changing environments and should not be overlooked
when planning conservation efforts.

Keywords: biodiversity, birds, community ecology, competition, environmental
filtering, Joint Species Distribution Models (JSDMs), macroecology, selective
interspecific social information use, tits





Kajanus, Mira , Lintulajien väliset assosiaatiot ja vuorovaikutukset. Ekologiset ja
evolutiiviset seuraukset, sekä suojelubiologinen merkitys
Oulun yliopiston tutkijakoulu; Oulun yliopisto, Luonnontieteellinen tiedekunta
Acta Univ. Oul. A 777, 2022
Oulun yliopisto, PL 8000, 90014 Oulun yliopisto

Tiivistelmä

Ympäristönmuutoksen aiheuttama luontokato on yksi ihmiskunnan tärkeimmistä haasteista.
Lajienväliset vuorovaikutukset vaikuttavat eliöyhteisöjen rakenteeseen. Samanaikaisesti ympä-
ristömuutokset muokkaavat yhteisöjen rakennetta ja lajienvälisiä vuorovaikutuksia sekä suoraan
että lajien runsauksien kautta. Tästä huolimatta lajienvälisten vuorovaikutusten ekologiset ja
evolutiiviset seuraukset muun muassa yhteisön rakenteeseen tunnetaan puutteellisesti. Luontoka-
don ymmärtämiseksi ja suojelutoimien kohdentamiseksi on erittäin tärkeää selvittää, kuinka
lajienväliset vuorovaikutukset muokkaavat eliöyhteisöjä ja niiden kykyä sopeutua ympäristö-
muutoksiin laajalla ilmasto- ja aikagradientilla. Väitöskirjassani tutkin lajienvälisten vuorovai-
kutusten ekologisia ja evolutiivisia seurauksia, sekä niiden vaikutuksia yhteisötasolla, etenkin (I)
voidaanko lajienvälisten runsauksien korrelaatioita käyttää apuna yhteisönrunsautta mittaavien
käytännönmenetelmien kehittämisessä, (II) selittävätkö lajienväliset vuorovaikutukset vai ympä-
ristötekijät yhteisön rakennetta, ja (III) kuinka yleistä valikoiva lajienvälinen informaationkäyt-
tö on ja mitkä ovat sen ekologisia ja evolutiivisia seurauksia. Johdin lajienvälisten runsauksien
korrelaatiot laajan maantieteellisen ja ajallisen mittakaavan kattavista Suomen ja Ranskan pesi-
mälintuaineistoista käyttämällä yhteisölevinneisyysmalleja (I, II). Tutkin lajienvälisten vuoro-
vaikutusten ja ympäristötekijöiden vaikutusta lajienvälisiin runsauden korrelaatioihin lineaarisil-
la malleilla (II). Valikoivan lajienvälisen informaationkäytön yleisyyttä, sekä sen ekologisia ja
evolutiivisia seurauksia tarkastelin simulaatiomallin avulla (III). Väitöskirjani osoittaa, että (I)
tiaisten yhteisrunsaus voi toimia pesivien metsälintujen runsauden indikaattorina boreaalisissa
metsissä, (II) Suomen ja Ranskan lintuyhteisöissä negatiivisten lajienvälisten vuorovaikutusten
sijaan ympäristötekijät ja positiiviset vuorovaikutukset selittivät lajienvälisten runsauksien kor-
relaatioita, ja (III) lajienvälinen valikoiva informaationkäyttö voi johtaa lajien fenotyyppiseen
eriytymiseen, lähentymiseen tai asevarustelukierteeseen, millä kaikilla on myös yhteisötason
seuraamuksia. Väitöskirjani osoittaa lajienvälisten vuorovaikutusverkostojen huomioimisen tär-
keyden suojelubiologisessa päätöksenteossa.

Asiasanat: lajienvälinen kilpailu, linnut, makroekologia, monimuotoisuus, sosiaalinen
informaatio, tiaiset, valikoiva informaationkäyttö, yhteisöekologia, yhteisö-
levinneisyysmalli, ympäristönvaikutukset
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1 Introduction 

Current climate and environmental changes are driving species population sizes 

into declines globally (Bowler et al., 2019; Ceballos et al., 2017; Rosenberg et al., 

2019; Schipper et al., 2016; Soroye et al., 2020). Scientists are continuously 

developing new methods to evaluate the state and change in animal communities 

at local, regional and continental scales. Species interactions have a profound effect 

in shaping biodiversity patterns, such as species richness (Ratzke et al., 2020), 

species diversity (Ushio, 2022) and species range shifts (Tekwa et al., 2022). Yet, 

biotic interactions are still poorly integrated in current methods of measuring 

species abundances and estimating how different factors affect community 

composition and community dynamics. Thus, understanding species interactions is 

critical for developing practical and efficient methods to evaluate species 

abundances in a community and to predict species’ responses to environmental 

changes. Therefore, in my thesis, I aim to shed light on how species interactions 

could be used in developing a novel methodology for estimating the total species 

abundance in a community, how species interactions affect community 

composition and to explore more closely a specific mechanism of species 

interaction, social information use, and aim to predict the ecological and 

evolutionary consequences of social information use. 

1.1 Importance of species interactions 

Animal communities consist of multiple species that interact directly and indirectly, 

both within and across trophic levels. These interaction networks are continuously 

changing with the changing environment and have ecological consequences on 

species abundances, distributions and community composition (Åkesson et al., 

2021; Antão et al., 2022; Gil et al., 2019; Ponisio et al., 2019; Song et al., 2020; 

Tekwa et al., 2022; Tylianakis et al., 2008). Additionally, interactions between 

species may result in long lasting evolutionary consequences via coevolution (L. 

Hämäläinen, M. Rowland, et al., 2021; Thompson, 2005). Consequently, species 

interactions are one of the forces altering diversity within a community, and the 

importance of species interactions in community ecology has recently gained 

increased attention (Chalmandrier et al., 2022; Gaüzère et al., 2022; Perrin et al., 

2022; Ratzke et al., 2020; Rigal et al., 2022; Ushio, 2022). However, the potential 

that understanding the ecological and evolutionary consequences of species 

interactions may provide for estimating species abundances in communities and 
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changes in community dynamics has not yet been fully exploited. For example, 

species may aggregate (Cayuela et al., 2018; Forsman et al., 2009; Mönkkönen et 

al., 1990) or segregate (Forsman & Seppänen, 2011; Monterroso et al., 2020) as a 

result of their positive or negative interactions with other species, respectively, or 

dynamic species interactions may facilitate or diminish the potential for species to 

adapt to the changing environment leading to significant impact on species 

abundances (Åkesson et al., 2021; Blois et al., 2013; Lurgi et al., 2020; Song et al., 

2020). 

Environmental changes alter the diversity within communities, which in turn 

will have a direct and indirect effect on which species may interact (e.g., the 

potential to encounter an individual of the other species) and how much (e.g., the  

frequency and intensity of interactions) depending on, for example the presence, 

density, range shift or specialization of species (Antão et al., 2020; Perrin et al., 

2022; Poisot et al., 2012; Rigal et al., 2022; Song et al., 2020; Tylianakis et al., 

2008). Additionally, the social structure of a community and the social behaviour 

of an individual affect which species and how they may interact (Cantor et al., 2021; 

L. Hämäläinen, M. Rowland, et al., 2021). Thus, the complex eco-evolutionary 

loop including species interactions and environmental change may have cascading 

effects over long time scales. With respect to the current declines of species 

abundances and biodiversity, there is a high demand for large-scale methods of 

collecting community data. Understanding the above-mentioned biotic 

mechanisms could offer novel insights into developing more accurate and effective 

methods for estimating species abundances or predicting species’ responses to 

environmental changes. For example, the potential to utilize species aggregations 

for identifying novel ecological indicators, where a specific species or a species 

group is used to gain information on other species within the same area (Caro & 

O’Doherty, 1999; Menon & Shahabuddin, 2021), has not been fully explored. This 

may allow a cost-efficient avenue for large-scale data collection by exploiting 

citizen science. 

To better understand what the contribution of species interactions in shaping 

community composition is, we should be able to separate the effects of species 

interactions from the effects of abiotic factors, which is a challenging task. Many 

of the studies on species interactions are based on observational data of species 

abundance and distribution, and these interactions have already been shaped by 

abiotic factors, such as environmental filtering (Chalmandrier et al., 2022; 

Mutshinda et al., 2009), allowing the species to co-occur and interact, as described 

above. There is thus a need for novel methods estimating species interactions while 
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accounting for the environmental factors, and Joint Species Distribution Models 

(JSDMs) are suggested (D’Amen et al., 2018) to provide a potential avenue for this. 

1.2 Joint species distribution models and species associations 

Species interactions are traditionally estimated from direct observations (e.g., Rall 

et al., 2010; Vazquez et al., 2012) and experimental data (e.g., Forsman & Seppänen, 

2011; Loukola, Gatto, et al., 2020; Martin & Martin, 2001; Werner, 1991). However, 

obtaining data on direct observations of interactions at large spatial scales is very 

time and resource consuming. Therefore, current methods for estimating species 

interactions are often methods, for example network analyses, that use data on 

species’ distributions (e.g., Gaüzère et al., 2022; Lurgi et al., 2020; Rigal et al., 

2022) or simulation data based on an assumed model (e.g., Åkesson et al., 2021). 

As far back as the 1970’s the effects of competition were studied from species 

occurrence data, suggesting that putative competitors did not co-occur on the same 

islands as a result of interspecific competition (Diamond, 1975). Furthermore, 

species interactions have often been estimated merely across trophic levels (e.g., 

predator-prey and host-parasite interactions) and for a group of few species with 

prior knowledge on their interactions (e.g., pollinator networks; Rall et al., 2010; 

Vazquez et al., 2012), whereas estimating interactions within communities 

consisting of multiple species networks and within a trophic level has remained 

challenging.  

Advanced Joint Species Distribution Models (JSDMs), that estimate 

associations in species occurrence and abundance at large spatial scales and 

community-level (Ovaskainen et al., 2017; Schliep et al., 2018; Thorson & Barnett, 

2017; M. W. Tobler et al., 2019; Warton et al., 2015), have been suggested as a 

potential tool for deriving species interactions (D’Amen et al., 2018). These models 

supplement traditional species distribution models (SDMs) by estimating multiple 

species pairwise associations from species co-occurrence or co-abundance data. 

Simultaneously, JSDMs enable accounting for spatial and/or temporal 

autocorrelation and the effect of environmental factors on species co-abundances 

(Kissling et al., 2012; Ovaskainen, Roy, et al., 2016; Thorson & Barnett, 2017; 

Warton et al., 2015). The potential to estimate joint species abundances at large 

spatial scales facilitates a new possibility for deriving species associations at the 

community-level. Moreover, since the effect of environmental factors can be 

accounted for, the associations derived from these models are suggested to reflect 

potential biotic interactions among co-occurring species (D’Amen et al., 2018). 
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In JSDMs, the species associations are derived from a residual correlation 

matrix of species pairwise abundances after accounting for the variance explained 

by the environmental covariates (Kissling et al., 2012; Ovaskainen, Abrego, et al., 

2016; Thorson & Barnett, 2017; Warton et al., 2015). This correlation matrix shows 

the sign (negative or positive) and strength (from -1 to 1) of the association for the 

abundances of each species pair, and non-random associations between species 

pairs could then be further inferred from these correlations (chapter II). 

Yet, the inference of spatial and temporal associations in species occurrence as 

evidence of true species interactions has recently gained much debate (Blanchet et 

al., 2020; Dormann et al., 2018; Poggiato et al., 2021; Zurell et al., 2018). The main 

criticism has highlighted that (i) species co-occurrence does not contain a signal of 

interactions (Blanchet et al., 2020), (ii) overlooking important abiotic factors (e.g., 

temperature) may confound the signal of species interactions (Kissling et al., 2012; 

Ovaskainen et al., 2010; Ovaskainen, Roy, et al., 2016; Warton et al., 2015), (iii) 

the correlations in species occurrence reflect the realized, instead of the 

fundamental niche of a species, as they are derived from the residual correlations 

(Poggiato et al., 2021), and (iv) ‘static’ data (i.e., ‘snapshot’ spatial data without 

temporal coverage) do not account for dynamic species interactions (Dormann et 

al., 2018). These issues may be overcome by using dynamic JSDMs (JDSDMs; 

Thorson et al., 2016). Modelling spatio-temporal correlations in species 

abundances, instead of using occurrence and/or ‘static’ data, could show whether 

species abundances vary in synchrony or asynchrony, and this approach has proved 

effective in disentangling the effects of species interactions and environmental 

factors (Mutshinda et al., 2009). Furthermore, JDSDMs provide an option to define 

a correlation structure among species over time improving the inference of species 

interactions (Thorson et al., 2016). For example, a causality link between years 

(Barraquand et al., 2021), creating either a direct link between the abundance of the 

species in question at time t and the other species at time t-1, or an indirect link 

where the abundance of the species at time t is dependent on its abundance at time 

t-1, and the abundance at t-1 is directly dependent on the abundance of the other 

species at time t-1. 

Thus, using JSDMs for inferring species interactions requires careful 

consideration of the data structure, environmental covariates and model 

specifications, and overall care should be used when interpreting the associations 

as species interactions. Overall, JDSDMs may provide a potential avenue for 

exploring species interactions at large spatial scales, but this still requires further 

exploration. 
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1.3 Selective interspecific information use 

Studies of the specific mechanisms of species interactions often concentrate on 

traditionally common and easily acceptable interactions, such as competition (Elo 

et al., 2021; Monterroso et al., 2020), predation (Dyer et al., 2010; Rall et al., 2010) 

and facilitation (Bruno et al., 2003; Tumolo et al., 2020). Another mechanism of 

species interactions among animals is ‘social information use’, where individuals 

observe other con- or heterospecific individuals in their surrounding environment 

and use the observed behaviour as information to, for example, copy the other 

individual (Dall et al., 2005; Danchin et al., 2004; Farine et al., 2015; Martin & 

Martin, 2001; Seppänen et al., 2007). Some examples of social information use 

include information on nest parasitization in bees (Loukola, Gatto, et al., 2020) and 

nesting site location in birds (Chiatante, 2019; Forsman et al., 2009). Social 

information use is well studied in an intraspecific context (e.g., Danchin et al., 2004; 

Galef & Laland, 2005; L. Hämäläinen, M. Rowland, et al., 2021; Kawamura, 1959; 

R. L. Kendal et al., 2018; Seppänen et al., 2007; Whitehead et al., 2019), while 

interspecific social information use has been gaining increasing attention (e.g., 

Cayuela et al., 2018; Forsman et al., 2018; Gil et al., 2019; Jaakkonen et al., 2015; 

Keen et al., 2020; Loukola, Gatto, et al., 2020; Seppänen et al., 2007). Individuals 

may gain information via personal scouting and parental information (Dall et al., 

2005; Danchin et al., 2004; Farine et al., 2015; Seppänen et al., 2007), and social 

information use is another mechanism for individuals of animals to acquire 

information. In addition, individuals may adapt by using different information 

gathering mechanisms in different situations (R. L. Kendal et al., 2018; Laland et 

al., 2020). Thus, social information use may support species information and 

interaction networks within communities.  

Selective use of social information, where the individual is discriminative of 

which information it should use, is suggested to be the main mechanism behind the 

adaptive use of different information sources (Dall et al., 2005; J. R. Kendal et al., 

2009; Laland, 2004). For the information user selectively to base its decision 

whether and how to use the available information, the information source needs to 

have an observable and variable characteristic, such as age or dominance rank 

(Laland, 2004), or indicator of success, such as signs of parasitization (Loukola, 

Gatto, et al., 2020). While selective social information use has been well studied 

(e.g., Enquist et al., 2007; J. R. Kendal et al., 2009; Laland, 2004), these studies 

have only concentrated on selective copying decisions (e.g., who and when to copy) 

but the concept of actively rejecting (chapter III Fig. 1) an observed behaviour has 
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gained less attention. If the decision of the information source leads to a poor fitness, 

it is more advantageous for the information user to reject than copy the observed 

decision (Forsman et al., 2018). This ‘reject-the-unsuccessful’ behaviour (Forsman 

et al., 2018; Loukola, Gatto, et al., 2020; Romero-González et al., 2020; Seppänen 

et al., 2011; but see Slagsvold & Wiebe, 2017) can then amplify the potential 

positive fitness consequences of selective social information use and this concept 

has recently been introduced to supplement the ‘copy-the-successful’ hypothesis 

(Laland, 2004). Examining rejection behaviour requires an experimental design 

that distinguishes both copying and rejection decisions (Loukola et al., 2013; 

Loukola, Gatto, et al., 2020) from merely ignoring the information, which could be 

one of the main reasons that it has not been identified previously but has now been 

studied in birds (Forsman & Seppänen, 2011; L. Hämäläinen, Hoppitt, et al., 2021; 

Morinay et al., 2020a; Seppänen & Forsman, 2007; Szymkowiak et al., 2016; 

Thorogood et al., 2018; Tolvanen et al., 2018) and invertebrates (Loukola, Gatto, 

et al., 2020). While these recent studies have provided evidence that selective use 

of social information occurs in different taxa, the prevalence of this behaviour in 

the animal kingdom is still unknown. 

Although the adaptive value of social information use (i.e., gaining fitness 

benefits by using social information) has been well-established (Dall et al., 2005; 

L. Hämäläinen, M. Rowland, et al., 2021; J. R. Kendal et al., 2009; Laland, 2004), 

the ecological and evolutionary consequences of interspecific social information 

use remain less understood. Furthermore, the community-level consequences 

resulting from the potential eco-evolutionary feedback loop of social information 

use are poorly understood. There is already evidence that interspecific social 

information use may affect, for example species dispersal (Cayuela et al., 2018; 

Parejo et al., 2008) and nest site (Forsman et al., 2009) decisions, and lead to 

species aggregations (Cayuela et al., 2018; Chiatante, 2019; Forsman et al., 2009; 

Mönkkönen et al., 1990) or segregations (Forsman et al., 2014; Forsman & 

Seppänen, 2011; Parejo et al., 2008; Seppänen et al., 2011). Variation in the 

densities of heterospecifics can in turn lead to fitness associated community-level 

consequences such as affecting the intensity of competition (Gil et al., 2019; Laland, 

2004) or predation risk (L. Hämäläinen, Hoppitt, et al., 2021). Thus, understanding 

the ecological and evolutionary consequences of interspecific social information 

use may be an important part of predicting the large-scale effects of species 

interactions in animal communities. 
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1.4 Breeding birds as the model system 

Over the few past decades, the abundances of many bird species have drastically 

declined globally most likely due to the ongoing environmental and climate 

changes (Bowler et al., 2019, 2021; Rosenberg et al., 2019; Schipper et al., 2016). 

However, the effects of environmental changes may vary across regions (Antão et 

al., 2020, 2022; Howard et al., 2015), which may in turn affect which species may 

interact and how much. For example, climate change is predicted to be strongest in 

the arctic regions (Intergovernmental Panel on Climate Change [IPCC], 2021). 

Thus, northern boreal populations are predicted to be under stronger change than 

the more southern temperate populations (Antão et al., 2022). To make effective 

conservation decisions for halting the current diversity loss, we need to understand 

species’ responses, including the effect of species interactions, to these 

environmental changes. Due to their high mobility, birds may disperse easily, 

allowing them to respond quickly to changing biotic and abiotic characteristics in 

their environment (MacLean & Beissinger, 2017). Birds are also widely studied, 

and their ecology is well understood. In addition, social information use is well 

studied in birds (e.g., Chiatante, 2019; Seppänen et al., 2011; Tolvanen et al., 2018) 

and, for example resident tit species (great tits [Parus major] and blue tits 

[Cyanistes caeruleus]) may be used as the source of social information in nest site 

selection by migrant passerines with similar ecological requirements (Seppänen et 

al., 2011; Seppänen & Forsman, 2007). Thus, birds offer a suitable system for 

studying species’ responses to environmental changes, simultaneously providing 

an opportunity to study the effects of species interactions at the community-level. 

Many national and continuous breeding bird programs (e.g., Swedish Breeding 

Bird Survey [Ottvall et al., 2008]; North American Breeding Bird Survey [Sauer et 

al., 2020]) have been established decades ago, and provide a large amount of 

community data on species occurrence and abundance over large spatial and 

temporal extents. Furthermore, birds are selective in where they establish their 

breeding territory and interactions among species may affect the territory choice 

(Forsman et al., 2009; Martin & Martin, 2001) potentially shaping local community 

composition. Bird communities are also stable during breeding time since most 

species remain in the same territory during the entire breeding period. Thus, these 

breeding bird data sets are suitable for studying community ecology. 

To examine species interactions in different geographical regions, I 

concentrated on two European data sets, the Finnish breeding bird point count data 

(Finnish Museum of Natural History [Väisänen et al., 2018; Väisänen & 
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Lehikoinen, 2013]) from northern Europe and the French breeding bird point count 

data (French Breeding Bird Survey [FBBS; Jiguet et al., 2012]) from the western 

Europe. 

1.5 Aims of the study 

Species communities are dynamic and interacting networks of organisms. 

Understanding species interactions and their effect on community composition and 

dynamics is a crucial part of directing future conservation efforts under the current 

biodiversity crisis. Thus, the aim of my thesis is to examine the ecological and 

evolutionary consequences of species interactions, and their effects at the 

community-level and large spatial scale, focusing on breeding bird communities in 

northern and western Europe. Particularly, the aim for each of the three chapters of 

my thesis is to examine: 

– Could the abundance of tits be used as an ecological indicator for the density 

of other breeding forest birds to potentially allow their use in breeding bird 

monitoring? 

– Do potential species interactions or environmental factors explain associations 

in breeding bird abundances at large spatial scales? 

– What are the ecological and evolutionary consequences of social information 

use and what is the existing knowledge on selective interspecific information 

use in animal communities? 

Tits have many traits of a potentially effective indicator group since they are 

conspicuous, easy to identify and have a wide distribution (del Hoyo et al., 2007). 

Tits include both generalist and specialist species (del Hoyo et al., 2007). Tits share 

their breeding habitat with many forest species, and as short-distance migrants 

and/or non-migratory species, they could indicate habitat quality to long-distant 

migrants with similar habitat requirements (Forsman et al., 2009). Therefore, I 

hypothesize in chapter I that (H1) tits could be used as an indicator for other forest 

bird species density. I predict that there is a positive relationship between tit 

abundance and the density of other forest bird species. 

Both negative and positive species interactions affect species abundances and 

distributions at large spatial and temporal extents (Blois et al., 2013; Boulangeat et 

al., 2012; Bruno et al., 2003; King et al., 2021). Still, it is challenging to separate 

the effect of biotic and abiotic factors on species co-occurrences since they may 

produce similar patterns (Cadotte & Tucker, 2017; Mayfield & Levine, 2010). For 
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example, heterospecific attraction (Mönkkönen et al., 1990) or environmental 

filtering could both produce strong positive spatio-temporal associations among 

functionally similar species and random spatio-temporal associations among 

functionally dissimilar species. However, competition uniquely is predicted to 

result in stronger negative spatio-temporal associations among functionally similar 

species (König et al., 2021; Mayfield & Levine, 2010). Additionally, the spatial 

associations among species affect which species may interact and how much, thus, 

species with positive spatial associations are likely to occur in the same 

environment. In chapter II, I examine whether potential species interactions or 

environmental filtering explain species associations, and if competition can be 

identified at large spatial scales. I hypothesize (Fig. 1) that (H2a) environmental 

filtering would result in the strongest positive spatio-temporal associations among 

functionally similar species and the strongest negative associations among most 

dissimilar species,  (H2b, H2c, H2d) species interactions would result in the 

strongest negative (e.g., competition; H2b and H2d) and positive (e.g., 

heterospecific attraction; H2c and H2d) spatio-temporal associations among 

functionally similar species and random associations among most dissimilar 

species. Consequently, I note that the predictions of environmental filtering (H2a) 

and positive species interactions (H2c) produce similar patterns and are therefore 

difficult to distinguish from each other. Overall, species with positive spatial 

associations are predicted to have a link between functional dissimilarity and their 

spatio-temporal associations.  

The community-level ecological and evolutionary consequences of social 

information use are still poorly understood. Additionally, selective social 

information use, where a behaviour of an observed individual is either copied or 

rejected, has mainly been overlooked in interspecific and community-level 

contexts. Therefore, in chapter III, I examine what the potential ecological and 

evolutionary consequences of interspecific social information use are and what the 

current knowledge on selective interspecific information use is. 
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Fig. 1. The predicted mean trend and heteroscedasticity for the relationship between 

species functional dissimilarity and spatio-temporal species associations as described 

in hypotheses H2a–H2d in section 1.5. The hypotheses predict (H2a) environmental 

filtering, (H2b) competition, (H2c) heterospecific attraction, and (H2d) both competition 

and heterospecific attraction. 
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2 Materials and methods 

The first two chapters of my thesis used the same breeding bird data sets from 

Finland and France. Climate data were derived from different sources for the two 

chapters and additional functional traits data for the bird species were used in 

chapter II. See Table 1 in section 2.1 for a summary of the data sources for each 

chapter. The data in chapters I and II were analyzed with Joint Species Distribution 

Models (JSDMs). Firstly, I will describe the bird and environmental data. Secondly, 

I will describe JSDM at a general level and thereafter specify the univariate and 

multivariate models separately for chapters I and II, respectively. Thirdly, I will 

describe the second part of the analyses in chapter II, for the bird functional 

dissimilarity and the linear models. Finally, I will describe the individual-based 

simulation model that was developed for chapter III. All supplementary analyses 

and details are available in the chapter articles and manuscript. 

2.1 Bird data 

This thesis used national breeding bird point count data from Finland (Finnish 

Museum of Natural History, LUOMUS [Väisänen et al., 2018; Väisänen & 

Lehikoinen, 2013]) and France (French Breeding Bird Survey, FBBS [Jiguet et al., 

2012]; Table 1), covering large spatial and temporal extents in each country (see 

Appendices 1 and 2 for maps of the spatial coverage of the data). The citizen 

science data were collected by experienced volunteer ornithologists and have been 

continuously collected with standardized sampling designs in Finland since 1984 

and in France since 2001. Data from both countries in 2001–2013 were used in 

chapter I, and in chapter II from 1984–2018 and 2001–2017 in Finland and France, 

respectively. In both countries, the points were sampled by recording all visually or 

acoustically observed birds within a five-minute time period, regardless of the 

distance from the observer. Each point consisted of a single habitat within 50 m of 

the observer. Sampling in both countries was standardized for weather (e.g., no 

wind or rain) and timing of the day (i.e., early morning) to reduce bias introduced 

by these factors. In Finland, the data were collected once during the bird breeding 

time (May–June). The data consisted of sampling routes that included 20 points. 

The points were a minimum of 250 m (forest) or 350 m (open area) apart. The 

routes and points have been established by the observers and were sampled 

continuously, but not necessarily all were sampled in all years during the study 

period. Each observed individual was counted as a pair and flocks were transformed 
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into pairs (see Koskimies & Väisänen, 1991 and chapter I for details). In France, 2 

km x 2 km rectangular sampling plots have been randomly distributed over the 

entire country. The data were collected during the bird breeding time in France 

(April–May, May–June). Each plot had 10 randomly distributed points that were 

sampled twice a year to capture both the early and late breeding species (Jiguet et 

al., 2012). Each observed individual was counted as one. The abundances of the 

two sampling occasions for each point were then summed to represent the total 

species abundance for the year. Birds of prey, grouse, waterfowl and waders were 

excluded from the data, as a point count method, where the points are located in 

terrestrial habitats, is not optimal for sampling the abundances of these species 

(Andersen, 2007; Conway & Nadeau, 2010; Hansen et al., 2015). 

For chapters I and II, species abundances were calculated as biomass (g). 

Species-specific biomass data (delHoyo et al., 2014) were used to multiply the 

number of observed individuals to obtain the total abundance for each species. The 

bird functional traits data were used in chapter II to estimate morphological 

dissimilarity, diet dissimilarity and habitat dissimilarity among species. All the 

functional traits data were obtained from Storchová and Hořák (2018). 

The bird data were divided into forest and farmland (i.e., open area) subsets, 

according to the habitat classifications in the data (see Appendix 3 for the habitat 

classifications). Only the species known to breed and forage in each of the habitats 

were included. In chapter I, only the forest bird data from both countries were used. 

In chapter II, to control for spatial variation caused by environmental conditions, 

the official biogeographical regions of the European Environmental Agency 

(Roekaerts, 2002) were used to divide the French data set into four biogeographical 

regions: Continental, Atlantic, Mediterranean and Alpine. These regions coincided 

with those used in previous studies (e.g., de Heer et al., 2005). The two largest 

geographical regions, Atlantic and Continental, were further subdivided into two 

regions, north and south (Atlantic, split latitude 47.8° N; Continental, split latitude 

46.9° N) containing approximately an equal number of sampling plots. Finally, the 

resulting 14 subsets of data (forest and farmland data sets for Finland, North/South 

Atlantic, North/South Continental, Mediterranean and Alpine data sets for France) 

were used independently for the analyses (see Appendix 4 for a list of data sets). 
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Table 1. A list of the bird abundance and functional traits data, and temperature (‘Temp.’) 

and precipitation (‘Prec.’) data sets used for Finland (‘FIN’) and France (‘FRA’). The 

source for the data and the time period in each chapter (I and II) that the data set was 

used are described. 

Data Data source Chapter I Chapter II 

Bird abundance FIN LUOMUS (Väisänen et al. 2018, 

Väisänen & Lehikoinen 2013) 

x 

(2001–2013) 

x 

(1984–2018) 

Bird abundance FRA FBBS (Jiguet et al. 2012) x 

(2001–2013) 

x 

(2001–2017) 

Bird functional traits Storchová & Hořák (2018)  x 

Temp. and Prec. 

FIN & FRA 

CHELSA (Karger et al. 2017) x  

Temp. and Prec. FIN 

 

FMI (available in https://en.ilmatieteenlaitos.fi/)  x 

Temp. FRA SAFRAN (Quintana-Sequí et al. 2008)  x 

Prec. FRA WorldClim (Harris et al. 2014)  x 

2.2 Climate data 

Temperature and precipitation were used as covariates in the models to account for 

the effect of climate at each site (i.e., route/plot). For each year and each site in both 

countries the mean temperature (°C) for the breeding season (April–June) was 

calculated from the mean monthly temperatures. The precipitation was calculated 

as the total sum (mm) for the breeding season from the mean daily measures.  

In chapter I, climate data were obtained from CHELSA (Karger et al., 2017; 

Table 1). I derived the climate data from a five- and one-kilometer radius around 

the geographic centroid of each route and plot in Finland and France, respectively, 

to cover the area for each site. The climate variables were summarized into an 

environmental principal component (environmental PC) with a principal 

component analysis (PCA). As environmental productivity increases with higher 

temperatures and precipitation (Boisvenue & Running, 2006; Field et al., 1998), 

PC with a positive relationship with temperature and precipitation was used as a 

proxy for environmental productivity in each country.  

In chapter II, the Finnish climate data were obtained from weather-station-

specific climate data (available from Finnish Meteorological Institute 

[https://en.ilmatieteenlaitos.fi/]; Table 1). Temperature was interpolated as the 

weighted average across all the weather stations (inverse distances from the 

sampling site in question were used as the weights). French temperature data were 
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obtained from the SAFRAN meteorological model (a high-resolution mean, 

monthly 2-meter air temperature data for an 8 km × 8 km grid over France; 

Quintana-Seguí et al., 2008; Table 1) for the nearest available data point (straight 

distance) of each sampling point. The mean monthly precipitation data each year 

for France were obtained from WorldClim (Harris et al., 2014; Table 1). 

2.3 Vector Autoregressive Spatio-Temporal model (VAST) 

Using recently developed Joint Species Distribution Models (JSDMs) for 

modelling species occurrences and abundances also enables the estimation of 

correlations among species abundances (Ovaskainen et al., 2017; Perrin et al., 2022; 

Pollock et al., 2014; Schliep et al., 2018; Thorson, Scheuerell, et al., 2015; M. W. 

Tobler et al., 2019; Warton et al., 2015). These correlations (i.e., species 

associations) may be interpreted to reflect biotic interactions among species 

(D’Amen et al., 2018). A dynamic JSDM (JDSDM), Vector Autoregressive Spatio-

Temporal model (available as an R package ‘VAST’ [Thorson, 2019; Thorson & 

Barnett, 2017]), was used to analyze species associations in chapters I and II. VAST 

allows modelling of (co)variances within and between species abundances (e.g., 

measured in biomass) while simultaneously accounting for both spatial and spatio-

temporal variations (Thorson et al., 2016). VAST can be configured for a univariate 

or a multivariate model to fit the estimation of associations among one or multiple 

response variables (e.g., species) with covariates. VAST is a latent factor model, 

where species’ shared responses for unaccounted factors (e.g., environmental 

variables) together with measured covariates are modelled from spatial and/or 

temporal correlations in species abundances (Ovaskainen, Abrego, et al., 2016; 

Perrin et al., 2022; Thorson & Barnett, 2017; Warton et al., 2015). Species 

associations are estimated by modelling species densities (unit of abundance/unit 

area) and spatial variables are modelled for a number of spatial locations s (termed 

‘knots’), where each sample i is associated with the nearest knot, si. The spatial (ω) 

and spatio-temporal (ε) random variables are modelled as Gaussian Random Fields 

(GRFs) following a multivariate normal distribution (MVN) for each factor f and 

year t (in spatio-temporal variation). Spatial variation (ω) was defined as 

 𝛚 𝑓 ~𝑀𝑉𝑁 0,𝑹 , (1) 

where ω(f) is a vector formed from ω(s, f) for each factor f and has the length of 

the number of spatial locations s, MVN is estimated with a mean of zero and R is 

a spatial correlation matrix of spatial covariance among locations s. R was set to 
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decrease as a function of increasing distance between the knots (Tobler’s law of 

geography; W. R. Tobler, 1970). The correlation function was defined as a Matérn 

function with smoothness v set as one, an estimated parameter κ1 for range of 

spatial correlation and an estimated matrix for directional dependency of 

correlations (see Thorson et al., 2016; Thorson & Barnett, 2017 for details). Spatial 

variation is then projected for each spatial location (si) and expanded to each species 

using loadings matrices that generate spatial covariation among species (see 

sections 2.3.1 and 2.3.2 for details). 

Spatio-temporal variation was either set without temporal structure (Eq. 2a) or 

to follow a first-order autoregressive process (Eq. 2b) depending on the chapter, 

and was defined for each spatial location s, factor f and time t as 

 𝜀 𝑠,𝑓, 𝑡 ~𝑀𝑉𝑁 0,𝑹  (2a) 

𝜀 𝑠,𝑓, 𝑡 ~ 
      𝑀𝑉𝑁 0,𝑹                            if  t = 𝑡
𝑀𝑉𝑁 𝜌 𝜀 s,𝑓, 𝑡 1 ,𝜎 𝑹       if  t > 𝑡

 , (2b) 

where R describes the spatial correlation matrix similar to Eq. 1, ρε is the temporal 

autocorrelation parameter of spatio-temporal covariation and 𝜎   is an estimated 

variance parameter of ε(s, f, t). Spatio-temporal variation is then projected for each 

spatial location (si) and finally expanded across years t and for each species c (in a 

multivariate model) using loadings matrices that generate spatio-temporal 

covariation among species (see sections 2.3.1 and 2.3.2 for details). Spatial and 

spatio-temporal GRFs were estimated using the stochastic partial differential 

equation (SPDE; Lindgren et al., 2011) implemented in R package INLA (Lindgren 

& Rue, 2015).  

VAST first integrates over the random effects with Laplace approximation 

(Skaug & Fournier, 2006) in R package ‘Template Model Builder’ (TMB; 

Kristensen et al., 2016) to estimate the fixed effects using the maximized log-

marginal likelihood (MLE). VAST model then predicts random effects based on the 

joint likelihood of the random effects and the data, given the maximum likelihood 

estimates of the fixed effects (see Thorson, Skaug, et al., 2015 for details). 

2.3.1 Univariate model for estimating the effectiveness of an 

ecological indicator group 

In chapter I, VAST (release number 2.0.1) was used as a univariate and dynamic 

species distribution model that resembles a spatial Gompertz model (Thorson, 

Skaug, et al., 2015). This model captures the spatio-temporal dynamics in the 
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response variable, while accounting for the effect of covariates in the residual 

variance. The dynamic spatio-temporal structure of the model and residual 

covariances enhance the identification of associations in species abundances 

(Thorson et al., 2016). The total abundance of all forest birds excluding tit species 

(referred to as forest birds hereafter) for each sample was calculated as the total 

biomass (see section 2.1 for details) and was used as the response variable. The 

total biomass of all tit species (referred to as tit group hereafter) in each sample was 

used as the explanatory covariate in the model. Additionally, the environmental PC 

combining temperature and precipitation (see section 2.2 for details) was used as a 

covariate to account for the effect of climate for each site and each year. 

VAST was specified to model the forest bird population density (biomass per 

unit area) d, at location s and year t, d(s, t). For the density calculations of VAST, 

the area sampled (0.031 km2) was defined by assuming that all individuals were 

observed within a 100 m radius of the observer. Yet, the area sampled does not 

affect the conclusions, which are based on relative densities, since the estimated 

relative densities among spatial locations and years remain unaffected. 

Tit abundance (biomass, g) and the environmental PC (i.e., environmental 

productivity; see section 2.2) were set as covariates. Additionally, to explore 

potential non-linear effect of tits, a squared tit abundance was included as a 

covariate. All the covariates were considered as dynamic, varying among locations 

and years, and standardized (i.e., subtracted by mean and divided by standard 

deviation). Forest bird density, d(s, t), and covariate values are predicted for the 

spatial knots, s, for each year, t, and each observation point, sample i, is associated 

with the nearest knot, si. In Finland, the number of knots (ns) were based on the 

number of sampled points (ns = ni = 939). In France, due to the high number of 

sampling points, a sensitivity analysis was conducted to determine the number of 

knots where the results were independent of ns (ns = 1,000). 

VAST model for the expected forest bird abundance was specified with a 

gamma distribution: 

 Pr 𝑏 𝐵 𝑔𝑎𝑚𝑚𝑎 𝐵|𝑎𝑑 𝑠 , 𝑡 ,𝜎  , (3) 

where bi is the observed forest bird abundance in sample i. gamma(B|d, σ2) 

describes the gamma probability density function for value B, with the mean of d 

and variance of 𝜎 , d(si, ti) is the expected density (g/km2) of forest birds at location 

s and year t, and a is the constant sampling area. 

A log-link was used for the linear predictor of the density of forest birds d(si,ti): 
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𝑙𝑜𝑔 𝑑 𝑠 , 𝑡 𝛽 𝑡 𝑙 𝜔 𝑠
 

𝑙 𝜀 𝑠 , 𝑡
 

 

  𝛾 𝑡𝑖𝑡 𝑠 , 𝑡 𝛾 𝑡𝑖𝑡 𝑠 , 𝑡 𝛾 𝑃𝐶 𝑠 , 𝑡  , (4) 

where β(ti) is the intercept for expected density of forest birds at year t. Predicted 

spatial, ω(si), and spatio-temporal, ε(si, ti), variations are defined for expected forest 

bird density across locations s (s = 1, …, x) and years t (t = 2001, …, 2013), and 

loadings’ lω1 and lε1 represent the variance terms in spatial and spatio-temporal 

variation, respectively. γ1, γ2 and γ3, describe the estimated effects of the three 

covariates, tit abundance, its square and environmental PC, respectively, on 

expected density of forest birds. tit(si, ti), tit2(si, ti) and PC(si, ti) are observed tit 

abundance, square of observed tit abundance and environmental PC score, 

respectively, and explain variation in forest bird density at a spatial location si and 

in year t. 

GRFs for spatial and spatio-temporal variation were defined with the method 

‘Mesh’ and were described as in section 2.3, Eq. 1 and 2b, respectively. Spatial 

variation ω(s, t) was constant among years and spatio-temporal ε(s, t) variation was 

set to follow a first-order autoregressive process with each year as a random effect 

(see Thorson & Barnett, 2017 for details). The intercept β was set for each year as 

a fixed effect. The intercept β, variance in expected forest bird abundance 𝜎 , the 

effect of the three density covariates γ1, γ2 and γ3, the two estimated parameters of 

the Matérn function, the temporal autocorrelation parameter for spatio-temporal 

variation, ρε, and the variance parameters for spatial, 𝜎 , and spatio-temporal, 𝜎 , 

variations were estimated as fixed effects. Spatial ω(s) and spatio-temporal ε(s, t) 

variation were estimated as random effects. The effect of the squared tit abundance 

was only included in the subsequent analyses if the term improved the model in 

comparison to the model without the squared effect (comparison with Akaike 

Information Criteria [AIC]; Burnham & Anderson, 2002) and if the term was 

statistically significant (95% confidence interval level). The 95% confidence 

intervals were derived from the intercept (β) and the covariate parameter (γ1, γ2 and 

γ3) values that were sampled from a MVN distribution including their variances 

and covariances. 

Additionally, the effectiveness of the tit group as an ecological indicator for 

forest bird density was compared against random species groups. Six species 

(referred as control group hereafter) were randomly drawn 300 times for each 

country to represent the indicator group and their total abundance was used as the 

covariate similarly to the abundance of tits. The response variable was the total 

abundance of the forest birds excluding the species of the control group. 
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The analyses were run with the univariate VAST as described above but the 

linear effect of the control group was set as the covariate to replace the tit group 

variable. Non-linear effects of the control groups were excluded from the models 

of each country to facilitate comparison between the tit group and the control group. 

Hence, the model for the control group was equal to Eq. 4 but removing the term 

for the non-linear effect of tits (γ3) and replacing the term of the linear effect of tit 

group, γ1 tit(si, ti), with the linear effect of the control group, γ4 control(si, ti). Spatial 

and spatio-temporal effects were modelled similar to Eq. 1 and 2b in section 2.3, 

respectively. Only the converged models were used for the subsequent analyses. 

The statistical significance of the control groups (γ4) was inferred with 95% 

confidence intervals. All control groups where the confidence intervals did not 

overlap with the estimated effect of the tit group (γ1) were considered as 

significantly different, weaker or stronger, from the tit group. 

2.3.2 Multivariate model for estimating species associations 

In chapter II, VAST (R -package VAST, release number 3.7.1; Thorson & Barnett, 

2017) was used to derive species associations from correlations of species 

abundances. VAST was configured for a multivariate spatio-temporal Poisson-link 

delta model in R statistical environment (version 4.1.1; R Core Team, 2021). 

Species densities d(s,c,t) were modelled for each spatial location (knot) s, species 

c and year t. A gamma distribution was used for the probability distribution of the 

data and the model was specified for each sample i as 

Pr 𝑏 𝐵
1 𝑝                                                       𝑖𝑓 𝐵 0

𝑝 𝑔𝑎𝑚𝑚𝑎 𝐵 𝑟 ,𝜎 𝑐             𝑖𝑓 𝐵  0
 , (5) 

where 𝑏  is the observed biomass for location s, species c and year t for sample 

i. 𝑝  is the probability to encounter species c at location s and year t for sample 

i. 𝑟  is the abundance (biomass) of species c that were encountered at location s 

in year t for sample i. σ2(c) is the residual variance for species c in the gamma 

distribution of species abundance. 

The Poisson-link delta model estimates the species densities d(s,c,t) for each 

location s, species c and time t as a product of log-scale ‘numbers density’, 𝑁 , 

(i.e., number of individuals per unit area) and ‘average individual biomass’, 𝑊 , 

(i.e., biomass per individual) for each sample i. Encounter probability 𝑝  was 

modelled with a complementary log-log link 
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𝑝 1 exp 𝑎 𝑁  , (6) 

where a is the sampling area (km2) set to 0.031 km2, see section 2.3.1 for details) 

and 𝑁  is the numbers density at location s, species c and year t for sample i and 

was modelled with the first linear predictor 

log 𝑁 𝛽 𝑐 ∑ 𝑳 𝑐 ,𝑓 𝜔 𝑠 ,𝑓
 

∑ 𝑳 𝑐 ,𝑓 𝜀 𝑠 , 𝑡 ,𝑓
 

𝛾 𝑡𝑒𝑚𝑝 𝑠 , 𝑡 𝛾 𝑝𝑟𝑒𝑐 𝑠 , 𝑡  , (7) 

where β1(ci) is the temporally fixed intercept for each species c in sample i, Lω1(ci,f) 

and Lε1(ci,f) generate the spatial (ω) and spatio-temporal (ε) covariances between 

species c and for each factor f. nω1 and nε1 are the number of factors and ω1(si, f) 

and ε1(si, ti, f) are the predicted random effects for spatial and spatio-temporal 

variations. γ1 and γ2 are the estimated effects of environmental covariates (i.e., 

temperature and precipitation), while temp(si, ti) and prec(si, ti) describe the 

observed temperature and precipitation values for location s and year t for each 

sample i. 

The average individual biomass, 𝑟 , was modelled for each sample i with a 

link-function 

𝑟   𝑊  , (8) 

where 𝑊  is the average biomass per individual for species c, at location s and 

year t. The second linear predictor modelled the average biomass per individual 

log 𝑊 𝛽 𝑐 ∑ 𝑳 𝑐 ,𝑓 𝜔 𝑠 ,𝑓
 

∑ 𝑳 𝑐 ,𝑓 𝜀 𝑠 , 𝑡 ,𝑓
 

𝛾 𝑡𝑒𝑚𝑝 𝑠 , 𝑡 𝛾 𝑝𝑟𝑒𝑐 𝑠 , 𝑡  , (9) 

where the parameters are defined similar to Eq. 7, except with a subscript number 

two. 

A two-dimensional, evenly spaced grid was defined using a 20 km × 20 km 

grid size to describe the spatial and spatio-temporal GRFs. This resulted in 58–268 

spatial knots (s) in the different regional data sets. The GRFs for spatial variation 

in both linear predictors were similar to Eq. 1. The GRFs for spatio-temporal 

variation were similar to Eq. 2b and 2a in section 2.3, for the first and second linear 

predictors, respectively, but with subscript numbers one and two to differentiate the 

parameters between the linear predictors. 
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The species-specific intercepts for numbers density β1(ci) and average 

individual biomass β2(ci), and the spatial variation of both linear predictors, ω1(si, 

f) and ω2(si, f), were set constant among years. Spatio-temporal variation for the 

first linear predictor, ε1(si, ti, f) was set to follow a first-order autoregressive process 

and for the second linear predictor, ε2(si, ti, f), each year as a fixed effect. The 

variance in expected species abundance σ2(c), intercepts (β1 and β2), factor loadings 

matrices (Lω and Lε) for both numbers density (𝑁  ) and average individual 

biomass (𝑊 ), the two estimated parameters of the Matérn function, and the 

variance parameters for spatial, 𝜎  , and spatio-temporal, 𝜎  , variations were 

estimated as fixed effects. Spatial ω(s, f) and spatio-temporal ε(s, f, t) variations 

were estimated as random effects. 

Species associations were then inferred from species covariances. The Poisson-

link model estimates the species’ spatial (Ω) and spatio-temporal (Ω’) covariance 

matrices for numbers density, Ωnumbers density and Ω’numbers density, and average 

individual biomass, Ωaverage individual biomass and Ω’average individual biomass (Thorson, 2019). 

Since only the numbers density component accounted for most of the variation, the 

covariance matrices, Ωnumbers density and Ω’numbers density, were derived only from this 

model component. The spatial component of the model separates any unmeasured 

variables that may affect the spatial variation of species abundances as fixed over 

time, whereas the spatio-temporal component measures the dynamic covariances 

in species abundances varying over time. Expected covariances, Covi,j, among 

species i and j for numbers density were derived from the loadings matrices Lε1 for 

each species pair (i, j) and each factor f 

 𝐶𝑜𝑣 , ∑ 𝑳 𝑖,𝑓  𝑳 𝑗,𝑓  . (10) 

Covariances were then transformed into correlations for subsequent analyses. 

2.4 Effect of potential species interactions and environmental 

filtering in bird community composition 

2.4.1 Species associations 

Species associations were estimated with VAST (see section 2.3). Each of the 14 

data sets (see section 2.1) were analyzed separately. Chapter II focused on the most 

abundant species within the community, thus each data set was delimited to the 

most abundant species representing 80% of the total community abundance and 
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removing the rare species from the analyses. The analyses included a total of 59 

species, with each data set including a different set of species (see Table 2 for the 

number and Appendix 5 for the names of the species in each data set). The models 

converged for eight (French Continental North farmland and forest, Continental 

South farmland and forest, Atlantic North farmland, Alpine forest, and Finnish 

farmland and forest) out of the 14 data sets and these data were used in the 

subsequent analyses. The complexity of the model most likely resulted in the 

convergence problems of the other data sets. Species associations were only 

derived from the numbers density model component. Both, the spatial and spatio-

temporal correlations among species abundances (from -1 the strongest negative 

association to 1 the strongest positive association) were considered as the species 

associations for each species pair in each of the eight regional data sets. The 

associations, where the 95% confidence intervals of the correlation did not 

encompass zero, were classified according to the sign (negative [-] or positive [+]). 

Associations that did not statistically differ from zero were classified as random (0). 

The pairwise spatial species associations were classified as a factor for positive 

(SA+), random (SA0) and negative (SA-) and used as the explanatory variable in 

the following generalized least squares linear models (GLS-LMs; see below section 

2.4.3). The spatio-temporal species associations were used as the response variable 

in the same models. 

Table 2. The number of bird species included in the data sets in chapter II for the models 

that converged when 80% of the total community abundance (i.e., number of individuals 

observed) is considered and the total number of species, in different data sets in 

Finland (‘Fin’) and in different biogeographical regions in France (Alpine [‘Alp’], Atlantic 

[‘Atl’] and Continental [‘Con’]; ‘N’ and ‘S’ denote the northern and southern region, 

respectively) and in different habitats (farmland [‘Far’] and forest [‘For’]). 

Data set Alp For Atl N 

Far 

Con N 

Far 

Con N 

For 

Con   S 

Far 

Con S 

For 

Fin Far Fin For 

Number of species for 80% 

of total abundance 

17 21 26 16 27 17 25 18 

Total number of species 85 94 93 91 94 91 110 118 

2.4.2 Functional and habitat dissimilarity 

In chapter II, functional dissimilarity among species was estimated from 

morphological and diet dissimilarities. In additon, habitat dissimilarity among 

species was estimated. Morphological and diet dissimilarity estimations were used 
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to examine the effect of environmental filtering on community composition since 

bird morphology is strongly correlated with feeding, locomotion and habitat use 

(Miles & Ricklefs, 1984). Habitat dissimilarity was used to describe the differences 

among habitat preferences of species. Morphological dissimilarity was calculated 

using Euclidian distance from log10-transformed body weight (indicating the size 

of the species) and four different morphological ratios (bill length/body weight1/3, 

tail length/body weight1/3, tarsus length/body weight1/3, wing length/body weight1/3). 

Diet dissimilarity was calculated with Gower distance using the function ‘daisy’ (R 

package “cluster” version 2.1.2 [Mächler et al., 2016]) from eight diet-based classes 

(at least 10% of the diet throughout the breeding season was composed of grass, 

leaves, small plants etc.; fruits; seeds; arthropods; invertebrates except arthropods; 

vertebrates except fish; carrion; and the diet throughout the breeding season was 

composed of a similar amount of plants and animals). Habitat dissimilarity was 

calculated similarly using Gower distance from 14 breeding area habitat classes 

(coniferous forest, deciduous forest, woodland, shrub, savanna, tundra, grassland, 

mountain meadows, reed, swamps, desert, freshwater, rocks, human settlements). 

All the dissimilarities were calculated ranging from 0 (full similarity) to 1 (full 

dissimilarity; Mächler et al., 2016). 

2.4.3 Generalized least squares linear models 

Generalized least squares linear models (GLS-LMs; function ‘gls’ from R package 

‘nlme’ version 3.1-153 [Pinheiro et al., 2021]) fitted with maximum likelihood 

method were used to examine the effects of species interactions and environmental 

filtering on bird community composition. The main trends and the 

heteroscedasticity predicted by the hypotheses (H2a–H2d; Fig. 1 in section 1.5) 

were estimated with the GLS models. The models were run for each of the eight 

regional data sets separately. The spatio-temporal association of each species pair 

within the regional data set, estimated with VAST, was set as the response variable. 

The pairwise spatial association group resulting from VAST (factor: SA+ = positive, 

SA0 = random, SA- = negative; SA+ was used as the reference category), 

functional dissimilarity (morphological, diet or morphological + diet dissimilarity), 

the interaction between them and habitat dissimilarity were set as the explanatory 

variables. Six models were run for each data set including models for (i) the three 

different measures of functional dissimilarity and (ii) with or without 

heteroscedasticity (modelled with the ‘varExp’ variance function; Pinheiro et al., 

2021). With morphology and morphology + diet as the measures of functional 
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dissimilarity, the dissimilarity was used as the variance covariate and different 

heteroscedasticity was allowed for each spatial association group (SA+, SA0, SA-). 

In the diet dissimilarity models, since it was a categorical variable, the fitted values 

of the model were used as the variance covariate, separately or jointly for the three 

spatial association groups (SA+, SA0, SA-). The GLS models were tested (Akaike 

Information Criteria [AIC]; Burnham & Anderson, 2002) for which functional 

dissimilarity measure fit the data best and whether modelling heteroscedasticity 

improved the models. All VAST analyses were implemented in R version 4.1.1 (R 

Core Team, 2021) and other analyses in R version 4.0.2 (R Core Team, 2020). 

2.5 Simulation model for predicting consequences of interspecific 

information use 

An individual-based simulation model for two interacting populations was 

developed to examine the potential evolutionary consequences of interspecific 

social information use and competition. The model predicts the direction and 

strength of selection for a trait resulting from competition and social information 

use between two species, species A and B. Selection pressure was defined by the 

net effect of the costs of competition and benefits of interspecific social information 

use, which were dependent on the initial phenotypic difference among the 

populations of the two species. Similar consequences resulting from the model may 

also evolve from other indirect mechanisms of positive interspecific interactions, 

such as reduced predation pressure, yet here, the modelled benefits were considered 

to result from social information use. 

The model species reproduce asexually so that the phenotype is inherited from 

the mother, species have a semelparous life history and non-overlapping 

generations. The phenotype in the model represents any trait that may be under 

selection driven by social information use (e.g., behaviour, morphology). The 

model included a normally distributed (~N(0,σµ)) phenotypic change in relation to 

an inherited phenotype of the mother with the probability of mutation µ. The costs 

of competition and benefits of social information use depend on the phenotype of 

the individual and the mean phenotype of the other species, resulting in random 

interspecific interactions between individuals of the two species (i and j, j ≠ i). 

Gaussian functions were used to model interspecific density dependence (αki) for 

the costs of competition and the benefits of social information use in relation to the 

phenotypic difference for individual k (k=1, …, Ni(t); Ni(t) is the population size of 

species i in generation t) between species: 
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𝛼 𝑝 ,𝑝 ,𝑁 𝑡 𝑎 𝑒 𝑎 𝑒 𝑁 𝑡  ,  (11) 

where pki is the phenotype of individual k of species i, 𝑝  is the mean phenotype of 

species j, and Nj(t) is the population size of species j in generation t. The maximum 

(aci and abi) and breadth (cci and cbi) of the costs of competition (subscript c) and 

the benefits of social information use (subscript b) for species i together with the 

phenotypic difference determine the net effect of competition and social 

information use. The variation of phenotype is assumed low within species, thus 

the intraspecific density-dependent costs of competition are independent of the 

phenotype. The realized fecundity, F’kit for individual k of species i and generation 

t was modelled as 

 𝐹 𝐹
, ,

,  (12) 

where Fi is the potential fecundity of species i and the strength of joint intra- and 

interspecific density dependence is determined by b. Given that b > 0, decreasing 

the value of b reduces the strength of joint density dependence. To gain the 

maximum benefit from social information use where the full potential fecundity, Fi, 

is realized, 𝑁 𝑡 𝛼 𝑝 ,𝑝 ,𝑁 𝑡  was constrained to ≥ 0. The population size 

for species i in generation t+1 (Ni(t+1)) was 

 𝑁 𝑡 1 ∑ 𝐹′  . (13) 

The evolutionary consequences were modelled for two scenarios. 1) The costs of 

competition and benefits of interspecific social information use were set equal to 

species A and species B so that the costs were higher than the benefits for both 

species but the benefits occurred with a wider phenotypical range than the costs. 2) 

The costs and benefits were set asymmetric so that species A (the information 

source) suffered higher costs of competition and species B (the information user) 

gained greater benefits from social information use than the other species. Both 

scenarios were simulated for three cases of different initial phenotypic distance 

between species A (p•A) and B (p•B). The three cases were with phenotypical 

difference of 1 unit (p•A = 100, p•B = 99), 6 units (p•A = 100, p•B = 94), and 11 units 

(p•A = 100, p•B = 89). All individuals within each species had the same initial 

phenotype. Simulations were run 1,000 times over 50,000 generations for each case 

of each scenario. The starting populations for each species were randomly drawn 

from a uniform distribution between 5 and 40 individuals. The effect of joint 
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density dependence was examined by repeating the simulations with three different 

values of b (b = {1, ½, 1/3}), so that decreasing b resulted in weaker density 

dependence. The value of b and potential fecundity of species i, Fi, have a strong 

combined effect on the population size. Therefore, Fi (FA = FB = {200, 15, 7}) was 

set uniquely for the simulations among different values of b so that the final 

population sizes were within the same order of magnitude. The model settings for 

mutation were μ = 0.1 and σμ = 0.1 and remained constant for all simulations. The 

parameter values for the simulations were in scenario 1: acA = acB = 1, abA = abB = 

0.8, ccA = ccB = 1, cbA = cbB = 3, and in scenario 2: acA = 1.5, acB = 1, abA = 0, abB = 

0.8, ccA = 4, ccB = 1, cbA = cbB = 4. 

 
  



44 

 



45 

3 Results and discussion 

Since the analyses for each chapter were unique, I present and discuss the main 

findings separately, before deriving the combined conservation implications in the 

final section of the thesis. I only present the results that were statistically significant. 

Part of the referenced figures and tables are available in the chapter (I–III) articles 

and manuscript. 

3.1 The abundance of tits as an ecological indicator for density of 

forest birds in northern and western Europe 

The first chapter of the thesis (I) suggests an overall positive association between 

the abundance of tits and forest birds in European forests. In Finland, the 

association between the abundance of tits and forest bird density was positive and 

linear (Fig. 2) as predicted by hypothesis H1. In France, the results indicated that 

tit abundance had a quadratic association with forest bird density (Fig. 3). Forest 

bird density first increased with increasing tit abundance and started to level off at 

higher abundances of tits. Similar habitat preferences could lead to species 

aggregations (Mutshinda et al., 2009) and this, to the observed positive linear 

(Finland) and non-linear (France) associations between tits and forest birds. The 

non-linear association in France may result from a change in habitat quality, when 

species that are sensitive to environmental changes decrease in density, while tits, 

which include both specialist and generalist species (del Hoyo et al., 2007), may 

persist even in these lower quality habitats. However, it is unlikely that the highest 

tit abundances were observed in low quality habitats, diminishing the explanatory 

power of habitat quality as a mechanism behind the observed quadratic pattern 

between the abundance of tits and density of forest birds in France. 

An alternative plausible explanation to the observed patterns in each country 

are species interactions. Positive species interactions could lead to the positive 

associations between the abundance of tits and forest bird density in both countries. 

Tits as resident species may serve as an indicator for breeding habitat quality (i.e., 

social information) for other forest birds with similar resource requirements 

(Forsman et al., 2002; Mönkkönen et al., 1990; Seppänen et al., 2011). 

Heterospecific attraction (Cayuela et al., 2018; Mönkkönen et al., 1990, 1997) has 

mainly been observed in northern bird populations, which is also in line with our 

results. Additionally, the harsher northern environments may favor the use of social 

information from tits since the intensity of competition for resources has been 
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hypothesized to be lower than in higher quality habitats that support denser 

populations (Dobzhansky, 1950; MacArthur, 1972), such as tits in central Europe 

(Forsman & Mönkkönen, 2003). Conversely, negative interspecific interactions 

(e.g., increased competition) may explain the non-linear pattern observed in France, 

where the high abundance of tits leads to a weaker association with forest bird 

density, suggesting that there is a threshold of tit abundance when the net effect of 

interactions first turns to zero and then to negative net effects. Both abiotic and 

biotic factors plausibly explain the observed patterns. 

The comparison between the abundance of tits and the abundance of randomly 

drawn control groups suggested that tits are a significantly better indicator than a 

random species group to indicate forest bird density in Finland. Only 4.4% of the 

control groups performed better than the tit group, while 20.3% of the control 

groups had a significantly weaker association with forest bird density than the tit 

group (chapter I Fig. 3a). This result together with the positive association between 

the abundance of tits and the density of forest birds suggests that in northern 

European forests, tits could be a suitable indicator at macroecological scales for 

forest bird density. 

In France, the comparison between the tit group and the randomly drawn 

control groups resulted in 24.2% of the control groups having a stronger association 

with forest bird density than the tit group (chapter I Fig. 3b). However, the 

practicality of tits as an indicator group due to their suitable ecological features 

(e.g., conspicuous behaviour, easy identification) may potentially outweigh the best 

performing random groups (e.g., the species in the group with the strongest 

association with density of forest birds were Turdus philomelos, Fringilla coelebs, 

Turdus merula, Dendrocopos major, Cuculus canorus and Phoenicurus ochruros). 

These results, together with the non-linear association between tit abundance and 

forest bird density, suggest that the use of tits as an ecological indicator for forest 

bird density in western European forests may not be reliable, particularly at higher 

densities of tits, as the reliability of the indicator seems to diminish. 

Although in chapter I, the results do not demonstrate that species interactions 

are behind the observed patterns, our results support the growing perception of the 

importance of species interactions in species distributions at macroecological 

scales. These methods are applicable to breeding bird communities with similar 

environmental conditions as the regions studied here, such as in northern and 

western Europe, and North America. 
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Fig. 2. The relationship between log-predicted density of forest birds (g/km2) and 

standardized tit abundance (g) in Finland in 2001 (i.e., first study year; β = 10.315, γ1 = 

0.025), where triangles are predicted forest bird densities for the sampling points and 

the fitted line with the 95% confidence intervals derives from the VAST-model (see 

section 2.3. for details). There was minor variance among years in the intercept (10.184 

< β < 10.418), so the elevation of the line varies among years, but the slope remains the 

same. Figure and caption modified from Kajanus et al. (2022; chapter I Fig. 1). 
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Fig. 3. The relationship between log-predicted density of forest birds (g/km2) and 

standardized tit abundance (g) in France in 2001 (i.e., first study year; β = 10.251, γ1 = 

0.198, γ2 = -0.030), where triangles are predicted forest bird densities for the sampling 

points and the fitted line with the 95% confidence intervals derives from the VAST-model 

(see section 2.3. for details). There was minor variance among years in the intercept 

(10.145 < β < 10.259), so the elevation of the line varies among years, but the curve 

remains the same. Figure and caption modified from Kajanus et al. (2022; chapter I Fig. 

2). 
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3.2 Can potential species interactions and environmental filtering 

be differentiated at macroecological scales? 

Results in chapter II showed that positive pairwise species associations dominated 

(45%) the spatial associations estimated with VAST over all regional data sets 

(chapter II Fig. 3). While 37% of the total estimated spatial associations were 

random, 18% were negative. Spatio-temporal associations were also dominated by 

positive species associations and only a few species in part of the data sets had 

negative spatio-temporal associations (chapter II Figs. 3b, d, f, j). Although positive 

species interactions have been increasingly gaining interest in the field of 

community ecology (Stephan et al., 2021; Thurman et al., 2019; Tumolo et al., 

2020), traditionally negative species interactions (Matysioková & Remeš, 2022; 

Pastore et al., 2021) are suggested to shape communities. A shift toward positive 

associations with the increasing number of interacting species has previously been 

discussed (Blanchet et al., 2020; Thurman et al., 2019) but these positive 

associations were detected to increase in interactions across trophic levels, whereas 

the sign of interactions within a trophic level was not affected. Although, in chapter 

II, each community consisted of the majority of the species (i.e., 80% of total 

abundance), the results demonstrate positive associations within the trophic level, 

which is not in line with the previous studies (Blanchet et al., 2020; Thurman et al., 

2019). The evidence provided here suggests that the vast majority of spatio-

temporal species associations in northern and western European bird communities 

were positive and in addition to competition, other mechanisms may also drive 

changes in species coexistence and shape community composition. This underlines 

the importance of linking positive species interactions more strongly into future 

studies of community ecology. 

The combined measure of morphological and diet dissimilarity (morphology + 

diet) described functional dissimilarity best in five regions (French Continental 

North farmland and forest, Continental South forest, and Finnish farmland and 

forest; Table 3). Morphology as the measure of functional dissimilarity had the best 

model fit in two regions (French Alpine forest and Atlantic North farmland) and 

diet dissimilarity in one region (French Continental South farmland). Although bird 

morphology is strongly correlated with feeding (Miles & Ricklefs, 1984), diet 

dissimilarity describing potential competition over food resources, may not be as 

reliable an indicator for species resource requirements as the more general and 

descriptive morphological dissimilarity. Thus, these results suggest that combining 
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traits of species’ morphology and diet captures a wider range of species’ 

functionality than a single measure for dissimilarity. 

All five regions (French Alpine forest, Atlantic North farmland, Continental 

North and South forest, and Finnish farmland) that had positive spatial associations 

(SA+) between the species pairs also had a statistically significant negative trend 

between species spatio-temporal associations and functional dissimilarity (Table 3). 

Thus, the strength of spatio-temporal associations decreased with increasing 

functional dissimilarity, supporting the predictions for both environmental filtering 

(H2a) and positive species interactions (H2c). Three regions with positive spatial 

associations (SA+) among species pairs (French Continental North and South 

farmland, and Finnish forest) did not show statistically significant trends between 

spatio-temporal associations and functional dissimilarity, which is in line with the 

prediction of both negative and positive species interactions (H2d) shaping 

community composition. Although, temperature and precipitation were controlled 

for in the model, environmental filtering via the availability of other unaccounted 

but shared resource preferences most likely explain the positive pattern in 

functionally the most similar species co-abundances (Mutshinda et al., 2009). On 

the other hand, for example great tits (Parus major) and pied flycatchers (Ficedula 

hypoleuca) that had positive spatial and spatio-temporal associations (chapter II 

Appendix 6), have been demonstrated to aggregate through heterospecific 

attraction (Forsman et al., 2002; Mönkkönen et al., 1997). Such empirical examples 

are still rare but support positive species interactions as a plausible explanation for 

the observed patterns. Moreover, these coherent patterns within specific species 

imply that the sign of positive species interactions may be identified at large spatial 

scales, as also previously suggested (Araújo & Rozenfeld, 2014; Boulangeat et al., 

2012; King et al., 2021; Thurman et al., 2019). Unfortunately, the study design did 

not allow to distinguish between environmental filtering and positive species 

interactions, but future studies should be designed to account for this. 

Modelling heteroscedasticity improved the model only for the French 

Continental South farmland and forest regions (chapter II Appendix 7). However, 

the heteroscedasticity for spatio-temporal associations was strongest (i.e., highest 

variance) for the average level of functional dissimilarity. Although in these regions, 

functionally the most dissimilar species had the lowest amount of variance in 

spatio-temporal associations, modelling heteroscedasticity did not improve the 

models for any other regions. Thus, the overall results did not support our 

hypothesis on both negative and positive species interactions (H2d) simultaneously 

affecting these bird communities. A potential explanation for not finding a pattern 
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in line with the predictions of H2d is that the net effect of negative and positive 

species interactions at the annual temporal scale of this study were zero and thus, 

the effects of species interactions occurring at smaller temporal scales were missed. 

The balance between the costs of competition and the benefits of positive 

interactions are sensitive to changes in population dynamics (chapter III), and the 

direction of the effects of interactions could vary from negative to positive and vice 

versa within a bird breeding season (Forsman et al., 2002) or between years (R. 

Hämäläinen et al., 2022). A smaller temporal scale of the data may be required for 

exploring the combined effects of negative and positive species interactions. 

There was no support for negative species interactions (i.e., competition; H2a) 

as the main driver of community composition. This absence of competition either 

supports the predictions of environmental filtering and/or positive species 

interactions as the main drivers of community composition or it is challenging to 

distinguish the signs of competition (Cadotte & Tucker, 2017; Mayfield & Levine, 

2010; Mutshinda et al., 2009), at least at large spatial scales. Although the results 

of chapter II do not provide compelling evidence for competition shaping species 

co-abundances at large spatial scales, it does not prove that competition does not 

occur (Odadi et al., 2011; Song et al., 2020). Finally, over half (five out of eight) of 

the regional data sets had an expected negative relationship between spatio-

temporal species associations and habitat dissimilarity (French Atlantic and 

Continental North farmland, Continental South farmland and forest, and Finnish 

farmland; Table 3), implying that similar habitat requirements were the most likely 

drivers for the spatio-temporal species associations (Mutshinda et al., 2009) in 

these regions. 

Statistical methods are continuously advancing and deriving species 

interactions from associations of species co-occurrence is currently a highly 

debated topic (Blanchet et al., 2020; Poggiato et al., 2021; Zurell et al., 2018). 

Interpreting species associations as direct species interactions is not a 

straightforward conclusion due to the lack of information in occurrence data in 

relation to abundance data (Blanchet et al., 2020) and static spatial data in relation 

to dynamic temporal data (Dormann et al., 2018), missing important ecological 

factors (e.g., Ovaskainen, Abrego, et al., 2016; Warton et al., 2015) and potentially 

misinterpreting the realized niche of species as the fundamental niche (Poggiato et 

al., 2021). It must be noted, that although temperature and precipitation were 

accounted for in the models, the sensitivity of JSDMs to unaccounted 

environmental variables may partly explain the lack of support for negative species 

interactions. Still, there is an indication that if the potential environmental 
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conditions affecting species occurrences have been adequately accounted for in the 

model, the associations in species co-abundances could serve as an indicator for 

existing large-scale species interactions (D’Amen et al., 2018). The effectiveness 

of deriving species interactions using dynamic JSDMs still requires further 

examination, for example using species networks with prior knowledge of their 

interactions. 

Although species interactions are scale-dependent (Blanchet et al., 2020; 

Thurman et al., 2019), traditionally the effects of species interactions have been 

neglected at large spatial scales (Gaston & Blackburn, 2007; Ricklefs, 2013). 

Positive associations in species co-occurrences have been demonstrated at large 

spatial scales (Araújo & Rozenfeld, 2014; Thurman et al., 2019), which is in line 

with the results of chapter II. For example, associations in species’ co-occurrences 

shift toward more positive with increasing spatial scale (Thurman et al., 2019). The 

results of chapter II support the view that species interactions also scale up to large 

spatial and temporal scales (Araújo & Rozenfeld, 2014; Blois et al., 2013; 

Boulangeat et al., 2012; Bruno et al., 2003; King et al., 2021; Rigal et al., 2022). In 

accordance with previous studies (Araújo & Rozenfeld, 2014; e.g., Mutshinda et 

al., 2009; Thurman et al., 2019), chapter II suggests that environmental factors and 

positive species interactions, instead of competition, are the stronger drivers for 

breeding bird species associations at large spatial scales. The integration of species’ 

functional traits for differentiating between the effects of environmental filtering 

and negative species interactions in community composition has been shown to be 

a promising method (Chalmandrier et al., 2022), but the inclusion of positive 

species interactions in studies of large-scale community composition is still less 

explored. Chapter II suggests that positive species interactions may have a more 

prominent effect in shaping species co-distributions than previously acknowledged 

and this should not be disregarded. 

Table 3. The trend (‘+’ or ‘-’) of the relationship between spatio-temporal association (of 

bird species pairs) and functional dissimilarity (‘FD’), measured as morphological (’M’) 

and/or diet (‘D’) dissimilarity, from the linear models using generalized least squares. 

Pairwise spatio-temporal associations (derived from VAST, see section 2.3 for details) 

were used as the response variable. The second row describes for each column 

whether the variable was used as an explanatory variable (‘Exp’) or in the variance 

function (‘Var’). Spatial association group (factor: SA+, SA0, SA-; SA+ used as a 

reference category), habitat dissimilarity (‘HD’), functional dissimilarity (‘FD’) and the 

interaction between spatial association and functional dissimilarity were used as the 

explanatory variables (‘Exp’). For each data set, six models were run (i) varying the 
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measure of functional dissimilarity (‘FD’; ‘M’, ‘D’ and ‘M & D’), and (ii) with and without 

modelling heteroscedasticity in relation to functional dissimilarity in each group of 

spatial association ‘Var SA+’, ‘Var SA0’ and ‘Var SA-’. The positive (+) and negative (-) 

signs for ‘Var’ columns indicate whether the residual variance increases or decreases, 

respectively, in the corresponding group with increasing functional dissimilarity. The 

first column (‘Data set’) describes the eight different data sets representing different 

biogeographical regions in France (Alpine [‘Alp.’], Atlantic [‘Atl.’] and Continental 

[‘Cont.’]; ‘N’ and ‘S’ denote the northern and southern region, respectively) and in 

different habitats (farmland and forest). The best model in terms of AIC values and the 

sign of each parameter estimate (trend) that was statistically significant at 95% 

confidence level are shown. Table and caption modified from Elo et al. (2022; chapter II 

Table 1). 

Variable  SA0 SA- HD FD 
SA0:

FD 

SA-:

FD 

Var 

SA+ 

Var 

SA0 

Var

SA- 

Type of variable  Exp Exp Exp Exp Exp Exp Var Var Var 

Data set FD 

         

FRA Alp. forest* M - -  - + +    
FRA Atl. N 

farmland* M  - - - + 

FRA Cont. N 

farmland M&D  - -       
FRA Cont. N 

forest M&D    -      
FRA Cont. S 

farmland* D  - -    - - - 

FRA Cont. S 

forest* M&D -  - - +    - 

FIN farmland* M&D   - -   +  + 

FIN forest M&D             

* denotes the models where the model including variance function to model heteroscedasticity was the 

best model 

 



54 

3.3 Ecological and evolutionary consequences of selective 

interspecific information use 

Species interactions, which individuals may interact and how much, are defined by 

individual- and community-level social structures (Cantor et al., 2021). Chapter III 

demonstrates that selective interspecific social information use, a mechanism of 

species interactions, may be more intertwined with trait evolution than previously 

considered. Competition and interspecific social information use between two 

interacting species may result in evolutionary trait divergence, convergence or a 

coevolutionary arms race depending on the initial phenotypic difference between 

the two species, and the balance between the costs of competition and the benefits 

of social information use (Fig. 4). When the costs of competition and the benefits 

of interspecific social information use are equal between the two species (scenario 

1), the initial phenotypic difference determines whether the net effect of 

competition and social information use drive the phenotypes of the interacting 

species to diverge or converge. Although the adaptive value of social information 

use is well-established (Dall et al., 2005; L. Hämäläinen, M. Rowland, et al., 2021; 

Laland, 2004; Whitehead et al., 2019), the evolutionary consequences have been 

overlooked. Recently, Laland et al. (2020) highlighted the importance of animal 

learning, for example by using socially transmitted information, in modifying the 

rate and direction of evolutionary processes. Thus, species interactions such as 

social information use may direct selection for specific phenotypes within a 

population. The existing literature on interspecific social information use has a few 

examples (Forsman et al., 2014; Loukola, Gatto, et al., 2020; Romero-González et 

al., 2020) of ecological mechanisms that could lead to similar evolutionary 

consequences as predicted by the simulation model in chapter III (see the following 

paragraphs). 

While both traditional theories (e.g., character displacement [Brown & Wilson, 

1956a]) and recent studies (e.g., Pastore et al., 2021) on species co-occurrence 

predict trait divergence between competing species, the simulation model predicts 

that trait divergence occurs only when the phenotypes of the two species are very 

similar (i.e., similar resource use), and even then, the divergence stabilizes 

relatively fast (< 5,000 generations) to a level where the phenotypic difference 

allows a stable co-occurrence for the two species (Fig. 4a). In the model, trait 

divergence is predicted when the costs of competition are higher than the benefits 

of social information use, but the benefits of social information use will lead to the 

stabilized divergence faster than merely accounting for competition. On the other 
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hand, in nature, a potential mechanism in selective interspecific information use 

leading to trait divergence may occur when the information user follows the ‘reject-

the-unsuccessful’ strategy and the information user selectively chooses to adopt 

behaviour opposite to the information source that shows a poor level of fitness 

(Forsman et al., 2014; Loukola, Gatto, et al., 2020; Romero-González et al., 2020). 

At the individual level, this strategy could increase the fitness of the information 

user and lead to temporary trait divergence between the information user and the 

individuals of the information source population with poor fitness. Birds (Forsman 

et al., 2018; Forsman & Seppänen, 2011; Loukola et al., 2013; Morinay et al., 

2020b; Seppänen et al., 2011; Thorogood et al., 2018) and more recently 

invertebrates (Loukola, Gatto, et al., 2020) are known to use this rejection 

behaviour in interspecific social information use. If this behaviour systematically 

increases the fitness of individuals within the population of the information user, it 

may potentially lead to a population level trait divergence. 

Social information is most valuable to individuals that are similar in their 

resource use to the information source (Dall et al., 2005; Jaakkonen et al., 2015; 

Laland, 2004; Seppänen et al., 2007), which is also determined by the importance 

of the initial phenotypic difference in the model (Fig. 4). At high densities of 

competitors, competition avoidance may be beneficial for the information user 

(Doligez et al., 1999) and rejecting the observed behaviour of a successful 

information source potentially leads to a temporary trait divergence, temporarily 

relaxing the intensity of competition and potentially increasing the fitness of the 

information user. For example, if a divergent strategy leads to a higher fitness, 

selection may favour the individuals of the information user that avoid specific nest 

site characteristics (e.g., birds or invertebrates) that are preferred by the individuals 

of the information source population with poor success. However, since choosing 

a divergent strategy from the information source could lead to a temporary trait 

divergence between the competitors, the value of social information may 

simultaneously diminish, reducing the gained benefits from social information use 

and making social information use unfeasible altogether. Additionally, the 

increased fitness resulting from the selective social information use will eventually 

lead to increased competition. Thus, as a result of the lower net benefit from social 

information use and the resulting increase in competition, temporary trait 

divergence occurring in an ecological time scale would diminish the potential for 

evolutionary trait divergence between competing species. 

As the initial phenotypic difference between the two species increases and the 

benefits of social information use increase with more similar phenotypes leading to 
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a net benefit, selection is predicted to favour similar phenotypes between the 

populations resulting to evolutionary convergence between the two populations 

(Fig. 4b). Like trait divergence, convergence stabilizes to a level of balance 

between the costs of competition and the benefits of social information use. 

Traditional competition theory predicts that the negative consequences of 

competition lead selection pressures to drive trait divergence among competing 

species reducing the costs of competition, for example through character 

displacement (Brown & Wilson, 1956a) and competitive exclusion (Hardin, 1960). 

Still, mechanisms potentially leading to trait convergence, as predicted by the 

model (Fig. 4b), are also common between competing species (e.g., Fox & Vasseur, 

2008; Tobias et al., 2014). Moreover, studies (Chiatante, 2019; Forsman et al., 2002; 

Parejo et al., 2005; Tobias & Seddon, 2009) have demonstrated potential trait 

convergence as a result of interspecific social information use. For example, 

interspecific social information use may have resulted in the observed niche overlap 

in the habitat choice of two shrike species (Lanius spp.; Chiatante, 2019). The 

selective decision to copy the successful individuals may lead to increased fitness 

of the information user under favourable environmental conditions and modify 

competing species to temporarily converge in a specific trait (e.g., breeding 

territory choice) in an ecological time scale. However, increased similarity and 

competition in one trait could require differentiation in other traits to allow the co-

occurrence. Indeed, competitors may co-occur even when they overlap in part of 

their trait space (Chiatante, 2019; Fox & Vasseur, 2008; Martin et al., 2021), and 

thus, trait convergence via interspecific social information use could be a potential 

mechanism eventually leading to the co-occurrence of putative competitors more 

than expected (Forsman et al., 2002; Loukola et al., 2013). Contrary to the 

predictions of traditional competition theories (e.g., character displacement [Brown 

& Wilson, 1956b]), social information use may lead to trait convergence between 

competing species explaining the co-occurrence of putative competitors. Hence, 

trait convergence between competing species could be more widespread than 

previously considered and the most likely consequence of interspecific social 

information use. 

When the costs of competition and the benefits of interspecific social 

information use are asymmetric (scenario 2), the model predicts evolutionary 

divergence and a coevolutionary arms race between the two interacting species. 

The costs of competition would drive the information source to escape competition 

and thus, diverge from the information user (Fig. 4c). Depending on the net effect 

of competition and social information use and the initial phenotypes, social 
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information use may lead the phenotype of the information user to converge 

towards the phenotype of the information source. This could potentially lead to an 

evolutionary arms race, where the information source is continuously trying to 

avoid the increased costs of competition and the benefits gained from social 

information use drive the information user to follow the information source in the 

trait space (Fig. 4c). Thus, interspecific social information use could drive or 

enhance the rate of coevolution among competing species (Laland et al., 2020; 

Whitehead et al., 2019) through a coevolutionary arms race, as predicted from 

interspecific interactions by the simulation model (Fig. 4c). The effects of social 

information use are most likely asymmetric between the information source and 

the user (Forsman et al., 2007; Magrath et al., 2015). Where copying the behaviour 

of the information source may lead to positive fitness consequences for the 

information user and increase their density, will in turn increase competition 

between the two species and the information source may suffer from the higher 

costs of competition (Forsman et al., 2007). To avoid costs of competition, the 

information source could adapt to reduce the availability of the beneficial 

information from the information user, by hiding the valuable information (Loukola, 

Adamik, et al., 2020; Loukola et al., 2014; Seppänen et al., 2007). As a response, 

the information user may then in turn evolve new mechanisms to overcome the 

hiding mechanisms of the information source and consequently an arms race 

between acquiring and hiding information may develop. Such a mechanism has 

potentially been observed between great tits and pied flycatchers, where the 

flycatchers gain information on the nest site from the breeding success of tits, tits 

in turn try to avoid the information parasitism by hiding the information (i.e., 

covering eggs; Loukola, Adamik, et al., 2020; Loukola et al., 2014). 

Although selective social information use has been described in existing 

theoretical literature (R. L. Kendal et al., 2018; Laland, 2004; Laland et al., 2020), 

the ‘reject-the-unsuccessful’ behaviour has not been integrated to these studies. Yet, 

experimental studies (Forsman & Seppänen, 2011; Loukola et al., 2013; Loukola, 

Gatto, et al., 2020; Romero-González et al., 2020; Seppänen et al., 2011) have 

highlighted the existence and importance of this rejection behaviour as a part of 

selective interspecific information use, so it is crucial to update the current theory 

of selective social information use with this strategy. The potential of individuals 

to actively choose a divergent strategy from the observed information source 

enhances the adaptive effects of social information use more than previously 

considered. Overall, the far reaching ecological and evolutionary consequences of 

interspecific social information use, as discussed above, lead to community-level 
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consequences, such as species aggregations, segregations, and continuously 

fluctuating population dynamics. This also suggests that other, still less understood, 

mechanisms of species interactions may drive evolutionary consequences more 

than previously considered. The consequential changes in community dynamics 

will in turn affect the potential existence and frequency of many different forms of 

species interactions, for example through community composition the availability 

of social information, the strength of competition and the intensity of predation. 

 

Fig. 4. Summary of the evolutionary simulations showing the trajectories (divergence 

[a], convergence [b] and coevolutionary arms race [c]) of population mean phenotypes 

in individual simulations (thin lines; dark grey for species A, light grey for species B) 

and the mean of all simulations (thick lines) across generations. Panels (a) and (b) show 
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scenario 1 where the costs of competition and the benefits of interspecific social 

information use are equal for both species, the costs of competition are higher, but the 

benefits of social information use are gained over a broader phenotypic distance from 

the other species. Panel (c) shows scenario 2 where the costs and benefits are 

asymmetrical for species A and species B so that the information user (species B; light 

grey) benefits from using the information, while the information source (species A; dark 

grey) only suffers from interspecific competition with the information user. Scenarios 

were simulated with different phenotypic distances: the initial phenotypes of species A 

and B as 100 and 99 (a), and 100 and 89 (b and c). Figure and caption modified from 

Hämäläinen et al. (2022; chapter III Fig. 3). 
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4 Conclusions and conservation implications 

Animal communities are dynamic species networks, where multiple individuals 

interact directly and indirectly within and across species and trophic levels. 

Predicting the responses of animal communities to the current global change is one 

of the most urgent issues in conservation and species interactions are one of the 

main drivers of patterns in species abundance and distribution (Thompson, 2005). 

Furthermore, these effects of interactions vary across species. For example, a 

specialist species may be more dependent on specific interactions and may suffer 

negatively to the decline or disappearance of another species, such as the cuckoo 

(Cuculus canorus) to its host species (Koleček et al., 2021), while a generalist 

species may be more adaptable to changes in community composition (Zografou et 

al., 2020). Thus, understanding species interactions is important for predicting the 

potential outcomes that environmental changes may have on individual species and 

entire communities via the changing of species interaction networks. My thesis 

builds on the existing literature of species interactions by demonstrating how to 

apply species interactions between animals, using bird communities as an example, 

in estimating species abundance within a community, highlighting the signal and 

importance of species interactions at large spatial scales and expanding the 

knowledge on their potential ecological and evolutionary consequences. 

Due to the recent and drastic declines in the abundance of bird species (Bowler 

et al., 2019; Rosenberg et al., 2019; Schipper et al., 2016), there is a critical need 

for ecological indicators that are easy-to-use, and which provide information on 

bird communities with even greater spatial coverage than the current methodology 

allows. I have shown (chapter I) that we should not overlook the potential that using 

prior knowledge of specific species interactions provide information for developing 

novel ecological indicators and other innovative methods for estimating or 

measuring species abundances in communities. The ability to include less 

experienced citizen scientists in data collection is a very useful opportunity to 

supplement the current breeding bird surveys with wider spatial and temporal 

coverage of forest bird community data, and this potential needs to be examined 

further.  

Species interactions are traditionally studied at local spatial scales but 

implications of species interactions at large spatial scales have gained more 

attention (Blois et al., 2013; Boulangeat et al., 2012; Bruno et al., 2003; King et al., 

2021; Rigal et al., 2022), yet are still poorly understood. My thesis (chapter II) adds 

to the current knowledge on large-scale species interactions by demonstrating that 
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potential species interactions leave a sign in breeding bird communities at 

macroecological scales and thus, may shape species distributions and community 

composition at these spatial extents. The decline or extinction of species that have 

a critical impact on other species abundances via these interaction networks, has 

the potential to have indirect negative effects on the abundance of species that 

would not be expected to be impacted by environmental changes directly. Therefore, 

identifying species interactions, and the species and areas where these species have 

positive associations with other species, will help to target and maximize 

conservation efforts. 

Scaling up the potential consequences of the mechanisms driving species 

interactions from individual-, population- and community-level up to 

macroecological scale requires understanding of these mechanisms at all spatial 

scales and trophic levels. My thesis (chapter III) expands the knowledge on social 

information use, a mechanism of acquiring information between interacting animal 

species. My thesis suggests how understanding interaction mechanisms, such as 

social information use, in wider species-, community-, spatial- and temporal 

contexts is critical for predicting how individual species respond to changes in the 

abundance of co-occurring species and environmental conditions, and how in turn, 

these responses affect community dynamics at macroecological scales. Species 

communities consist of information networks, where valuable information with 

positive and negative fitness consequences is gained from other individuals. Any 

disturbance in these networks may have drastic indirect impacts on multiple species. 

The full potential on how to apply novel knowledge of the multifaceted 

consequences of social information use is still poorly known but I suggest that they 

may apply over a much wider range of taxa than currently considered. Thus, 

supplementing the prior understanding of different mechanisms of species 

interactions will help to identify and preserve the interaction, such as information, 

networks when planning conservation targets. 

Studying species interactions at large spatial scales has been lacking a widely 

applicable method. I believe that with ongoing and future developments, and with 

careful consideration of the data and model structure, dynamic JSDMs (JDSDMs) 

may provide a novel opportunity and continue to improve the examination of 

species interactions from temporally extensive abundance data at macroecological 

scales. Dynamic JSDMs, particularly when combined with species’ functional traits, 

may allow the examination of how species interactions within and across species, 

and trophic levels, shape community composition, and help to improve the 

accuracy of predictions on how communities respond to environmental changes. 
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Moreover, if species interactions can be predicted at large spatial scales using 

abundance data and dynamic JSDMs, this will help the prediction of the effects of 

species interactions in regions with lower spatial coverage in sampling designs. In 

turn, this may help to assign important conservation targets, as communities with 

pairwise interactions that are important in the community composition, are better 

identified, particularly in regions that would otherwise require a higher local 

sampling effort. Although I did not study whether the species associations derived 

from species co-abundances using dynamic JSDMs truly reflect a sign of species 

interactions, my thesis (chapters I and II) demonstrates the potential that using this 

method could provide for large-scale estimation of patterns and changes in species 

interactions. I agree that there are still uncertainties in inferring the signal of species 

interactions using JSDMs, and future studies should aim to examine the accuracy 

of these models with well-known interaction networks. Still, I believe that while 

associations in species abundances may not provide exact estimates of species 

interactions, they still indicate at a minimum a potential signal of species 

interactions and JDSDMs can be used to study these potential interactions.  

It is common knowledge that individuals interact with con- and heterospecifics 

forming interaction networks, and these interactions are important in shaping 

species distributions and animal communities. For example, a potential connection 

via trophic interactions in the drastic declines of invertebrates and insectivore bird 

species or the disappearance of predators or competitors allowing the establishment 

of new species in a community. However, we have only scratched the surface of 

understanding the complex underlying mechanisms behind species interactions and 

their community-level consequences. To successfully predict species’ responses to 

the changing environment and, thus, plan and direct conservation efforts, we need 

to understand the ecological and evolutionary consequences of species interactions; 

how they drive changes in the distribution of individual species directly and 

indirectly, and therefore, may have cascading trophic- and community-level 

consequences. These ecological and evolutionary consequences vary across 

organisms, but my thesis demonstrates that in birds, instead of focusing on species-

specific conservation plans, we need to concentrate on species interaction and 

information networks, and entire communities to gain maximum benefit from our 

conservation efforts. 
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Appendices 

Appendix 1 Map displaying the sampling routes (dots) for Finland. Both forest 

and farmland habitats are included, and the sampling locations 

include all sampled sites during 1984–2018 before any data editing 

(e.g., removing species or years). Spatial reference system 

UTM35N. 

Appendix 2 Map displaying the sampling plots (dots) for France (including 

Corsica on the bottom right corner). Biogeographical regions are 

identified by different colors. Both forest and farmland habitats are 

included, and the sampling locations include all sampled sites 

during 2001–2017 before any data editing (e.g., removing species or 

years). Spatial reference system UTM31N. 

Appendix 3 Forest and farmland habitat classifications for Finland and France in 

chapters I (only forest) and II. 

Appendix 4 List of the bird data sets for biogeographic regions and habitat types 

used in chapter II. FIN and FRA represent Finland and France, 

respectively. Atlantic, Continental, Mediterranean and Alpine 

represent the biogeographical regions in France. North and south 

refer to the northern or southern part, respectively, for the 

subdivided biogeographical regions. Forest and farmland describe 

the habitat type (see Appendix 3 for habitat classifications). 

Appendix 5  The list of bird species (‘Scientific name’) included in the data sets 

for the models that converged (see section 2.4.1 in the Main text) 

when 80% of the total community abundance (i.e., number of 

individuals observed) is considered, in different data sets in Finland 

(‘Fin’) and in different biogeographical regions in France (Alpine 

[‘Alp’], Atlantic [‘Atl’], Continental [‘Con’] and Mediterranean 

[‘Med’]; ‘N’ and ‘S’ denote the northern and southern region, 

respectively) and in different habitats (farmland [‘Far’] and forest 

[‘For’]). Table and caption modified from Elo et al. (2022; chapter II 

Appendix 3). 
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Appendix 1 

 
  



81 

Appendix 2 
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Appendix 3 

Country and forest habitat Chapter Farmland habitat Chapter 

Finland    

Spruce forest I, II Agricultural field II 

Pine forest I, II Farmland II 

Young coniferous forest I, II   

Deciduous forest I, II   

Mixed forest I, II   

Pine swamp I   

France    

Coniferous forest I, II Open field II 

Deciduous forest I, II Dry natural meadow II 

Mixed forest I, II Unploughed meadow II 

Coppice I Mixed farmland II 

Coppice I, II Permanent crop II 

Young forest  Ploughed meadow II 
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Appendix 4 

Finland France 

FIN forest FRA Atlantic North forest 

FIN farmland FRA Atlantic North farmland 

 FRA Atlantic South forest 

 FRA Atlantic South farmland 

 FRA Continental North forest 

 FRA Continental North farmland 

 FRA Continental South forest 

 FRA Continental South farmland 

 FRA Mediterranean forest 

 FRA Mediterranean farmland 

 FRA Alpine forest 

 FRA Alpine farmland 
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Appendix 5 

Data set Alp For Atl N 

Far 

Con N 

Far 

Con N 

For 

Con   S 

Far 

Con S 

For 

Fin Far Fin For 

Scientific name         

Alauda arvensis  x x  x  x  

Anthus trivialis     x   x 

Apus apus       x  

Linaria cannabina  x x      

Carduelis carduelis   x  x    

Chloris chloris  x x  x  x  

Carpodacus erythrinus       x  

Spinus spinus       x x 

Certhia brachydactyla    x  x   

Columba palumbus x x x x x x x x 

Corvus frugilegus   x      

Corvus monedula       x  

Corvus corone       x x 

Cuculus canorus       x x 

Delichon urbicum       x  

Dendrocopos major x   x  x   

Emberiza citrinella  x x  x  x x 

Erithacus rubecula x x x x x x  x 

Ficedula hypoleuca       x x 

Fringilla coelebs x x x x x x x x 

Fringilla montifringilla        x 

Garrulus glandarius x   x x x   

Hippolais polyglotta     x    

Hirundo rustica  x x  x  x  

Lullula arborea     x    

Luscinia megarhynchos   x  x    

Emberiza calandra   x      

Motacilla alba   x    x  

Motacilla flava  x x      

Numenius arquata       x  

Periparus ater x     x   

Cyanistes caeruleus x x x x x x   

Lophophanes cristatus x        

Parus major x x x x x x x x 

Poecile palustris    x     

Passer domesticus  x x  x  x  

Passer montanus   x      

Phoenicurus ochruros     x    
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Data set Alp For Atl N 

Far 

Con N 

Far 

Con N 

For 

Con   S 

Far 

Con S 

For 

Fin Far Fin For 

Scientific name         

Phylloscopus bonelli x        

Phylloscopus collybita x x x x x x   

Phylloscopus trochilus       x x 

Phylloscopus sibilatrix        x 

Pica pica     x  x  

Prunella modularis  x       

Regulus ignicapilla x        

Regulus regulus x     x   

Saxicola torquatus   x  x    

Sitta europaea    x  x   

Streptopelia decaocto  x   x    

Sturnus vulgaris  x x x x x   

Sylvia atricapilla x x x x x x   

Sylvia borin       x x 

Sylvia communis  x x  x  x  

Troglodytes troglodytes x x x x x x   

Turdus iliacus       x x 

Turdus merula x x x x x x  x 

Turdus philomelos x x x x x x  x 

Turdus pilaris       x x 

Vanellus vanellus             x   
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