
Analysing Ecological Communities with
Joint Species Distribution Models

ANNA M I NORBERG

LUOVA

Doctoral Programme in Wildlife Biology Research

Faculty of Biological and Environmental Sciences

University of Helsinki

ACADEMIC DISSERTATION

To be presented for public examination with the permission of

the Faculty of Biological and Environmental Sciences

of the University of Helsinki in lecture room 2402, Viikinkaari 1,

on 28th of September 2018 at 12 o’clock noon.

HELSINKI 2018





SUPERVISED BY: Professor Otso Ovaskainen

University of Helsinki, Finland

REVIEWED BY: Professor Jari Oksanen

University of Oulu, Finland

Doctor Stéphane Dray
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ABSTRACT

In community ecology, we are interested in
the patterns of occurrence and abundance of
multiple species coexisting and interacting in
an area or habitat. There is a large array of
modelling methods that can be used as species
distribution models, each of which based on
different assumptions on how the surround-
ing conditions affect the distribution of species
and communities. Teasing apart and quan-
tifying the influential processes affecting the
assembly of species with statistical modelling
calls for understanding the interplay between
ecology and evolution, deterministic processes
and randomness, as well as the structural
properties and limitations of the methods in
hand.

In this doctoral thesis, I model the structure
and assembly of natural species communities
ranging from polypores to bacteria. I show
how the identities of the first-arriving polypore
species on coniferous dead wood in Central
Finland influence the subsequent species
composition. I illustrate how the functional
composition of wood-inhabiting fungal com-
munities differ between natural and managed
beech forests in norther Spain. I also show
how the occurrences of intestinal parasites
and gut bacterial microbiota of rufous mouse
lemurs in Madagascar affect each other. I
validate these results by demonstrating how
the novel joint species distribution modelling
method utilised in these studies is among the
top performing ones in comparison to other
available methods by comparing 27 different

species distribution model variants in terms of
their predictive performance.

My results support numerous previous stud-
ies showing that modelling the assembly and
structure of natural species communities is a
challenging task. Even with high-quality data
sets only limited amount of variation in the
data could be explained and attributed to the
hypothesised assembly processes. In addition
to technical reasons related to the nature of ob-
servational data and correlative models, this is
most likely a result of the inherent complexity
and stochasticity of the structure and assembly
process of natural communities. Thus, it is ex-
pected that the wonderfully diverse biodiver-
sity cannot be fully explained with comparably
rigid statistical models.

Nevertheless, I could attribute patterns in the
data to concepts and theory of community
assembly with join species distribution mod-
elling. In all the studies of this thesis, envi-
ronmental filtering was a major assembly pro-
cess. After accounting for environmental fil-
tering, I could model the residual associations
between the species, which we can consider as
hypotheses for species interactions. This joint
modelling of both abiotic and biotic interac-
tions results in outlining the realised niches of
the species. By including species traits into the
modelling framework, I brought more func-
tional understanding to the community assem-
bly, and by modelling the colonisation patterns
of species as a function of their predecessing
community, I provided a mechanistic outlook
to community succession.
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TIIVISTELMÄ

Yhteisöekologeja kiinnostaa eliölajien esiin-
tyminen, runsaussuhteet ja vuorovaikutukset
sekä keskenään että elinympäristönsä kanssa.
Lajien levinneisyyksien mallintamiseen
käytettävät tilastolliset menetelmät perustuvat
erilaisiin oletuksiin ympäristöolosuhteiden
vaikutuksista lajien ja niiden muodostamien
yhteisöjen esiintymisiin. Jotta tilastollisen
mallintamisen avulla pystyttäisiin selvit-
tämään lajien esiintymiseen vaikuttavien
prosessien merkityksiä, täytyy ymmärtää
ja ottaa huomioon sekä lajien ekologiaa ja
evoluutiota, determinististen ja sattuman-
varaisten tapahtumien suhteita että mallien
rakenteista johtuvia rajoitteita.

Mallinnan väitöskirjassani luonnon lajiy-
hteisöjen rakentumista. Tutkin monen-
laisia yhteisöjä sienistä bakteereihin. Osoi-
tan tutkimuksellani muun muassa kuinka
keskisuomalaisessa havupuumetsässä lahop-
uulle ensimmäisenä saapuvat käävät vaikut-
tavat lajiyhteisön muotoutumiseen, kuinka
pohjoisespanjalaisissa pyökkimetsissä lahop-
uulla elävät sieniyhteisöt eroavat toiminnallis-
esti luonnonmetsien ja talousmetsien välillä,
ja miten madagaskarilaisten hiirimakien
sisäloiset ja suoliston bakteeriyhteisö vaikutta-
vat toisiinsa. Vertailen 27:ää lajien levinneisyy-
den mallintamiseen käytettyä menetelmää, ja
osoitan, että käyttämäni uusi menetelmä on
ennustusvoimaltaan vertailtujen mallinnus-
menetelmien parhaimmistoa.

Väitöskirjatutkimukseni tukee aiempien
tutkimusten näkemystä siitä, että luonnon

lajiyhteisöjen rakentumisen mallintaminen on
haastavaa. Laadukkaitakin aineistoja käytet-
täessä vain pieni osuus aineiston sisäisestä
vaihtelusta pystytään selittämään tilastol-
lisesti mallintamalla, ja siten yhdistämään
tarkastelussa olevaan lajiyhteisöön vaikut-
taviin prosesseihin. Sen lisäksi, että aineistojen
rakenne ja mallien oletukset asettavat ti-
ettyjä teknisiä rajoitteita, lajiyhteisöt ovat
lähtökohtaisesti hyvin monimutkaisia ja altti-
ita sattuman vaikutuksille. Niinpä ei ole kovin
yllättävää, että luonnon monimuotoisuutta ei
pystytä kuin osittain selittämään verrattain
kankeilla mallinnusmenetelmillä.

Haasteista huolimatta pystyin osoittamaan
yhteyksiä mallintamieni lajien esiintymien
välisten riippuvuuksien ja yhteisöekologis-
ten teorioiden välillä. Kaikissa väitöskirjani
osatutkimuksissa elinympäristö osoittau-
tui suurimmaksi yksittäiseksi lajiyhteisön
rakennetta selittäväksi tekijäksi. Mallinta-
malla elinympäristön vaikutusten selittämättä
jättämää vaihtelua löysin lajien esiintymi-
sistä sellaisia säännönmukaisuuksia, joista
pystyin johtamaan hypoteeseja lajien välisistä
vuorovaikutuksista. Tällaisesta elollisten ja
elottomien tekijöiden välisiä vuorovaikutuk-
sia yhdistävästä lähestymistavasta saadut
tulokset mahdollistavat eliölajien toteu-
tuneiden ekolokeroiden hahmottelemisen.
Ottamalla malleissani huomioon lajikohtaisia
ominaisuuksia ja edeltävän lajiyhteisön
vaikutuksia, pystyin tuomaan lajiyhteisöjen
rakentumiseen myös toiminnallista näkökul-
maa.
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GLOSSARY

Accuracy The opposite of bias; it measures the degree
of conformity of a value (here the predictive mean)
to a recognised standard value (here the observed
value in the validation data) (Everitt, 2002).

Allopatry The geographical separation between
species. In allopatric speciation, an ancestral
species diverges to form new species as a result
of geographic separation, due to some physical
barrier (see e.g. Zeigler (2014)).

Anthropocene The current epoch, starting from
around late 1800s, during which humans along
with their societies have become a global geolog-
ical and ecological force (Crutzen, 2002; Steffen
et al., 2007).

Assembly rules A set of rules restricting the processes
that result in the composition of a species commu-
nity (Götzenberger et al., 2012; Wilson, 1999), first
introduced by Diamond (1975), and of which the
main objective is, for a given habitat, to predict the
subset of locally occurring species from the total re-
gional species pool (Keddy, 1992).

Biotic filter The (biotic) interactions between and
among species which determine the set of
species observed in a community (Zobel, 1997;
Götzenberger et al., 2012; Wisz et al., 2013;
Ovaskainen et al., 2017b) by means of e.g. limiting
similarity.

Calibration The consistency between the distribution
of predictions and the true values. With well-
calibrated predictions, the relative frequency of the
test values with a predictive probability P should
correspondingly beP (Gneiting and Raftery, 2007).

Community The individuals of all the trophically sim-
ilar, sympatric species that potentially interact
within a single patch or local area of habitat
of the same or similar resources (Drake, 1990;
Hubbell, 2001; Leibold et al., 2004; Mittelbach and
Schemske, 2015).

Community assembly A collection of processes result-
ing in the species composition of a community.

Community ecology Field of ecology, which studies
the biotic and abiotic interactions of species in the
communities they form, at several spatial and tem-
poral scales, primarily aiming to explain (and pre-
dict) the patterns of distribution, abundance and
interaction of species (Leibold et al., 2004).

Discrimination Measure of whether an individual
value is assigned to the correct group (Everitt,
2002). Here, we refer to whether the predicted val-
ues are positively correlated with the true values
(observations) among the sampling units, thus in-
dicating correct grouping, but not measuring the
absolute match between predicted and true values.

Dispersal Any movement (of individuals or propag-
ules) which results in consequences for gene flow
across space (Ronce, 2007; Clobert et al., 2012).

Drift Foundation of neutral theory of biodiversity
(Hubbell, 2001): Stochastic processes cause com-
munities to drift from deterministic expectations,
resulting in random fluctuations in the occurrences
and abundances of species, lowering the overall
diversity within communities, but increasing dif-
ferences among otherwise equivalent communities
(Gilbert and Levine, 2017).

Ecological assembly A collection of ecological pro-
cesses affecting the species composition of a com-
munity, namely environmental filtering, biotic in-
teractions and neutral processes (see Götzenberger
et al. (2012)).

Ecology Scientific study of organismal distributions
and abundance and the interactions that determine
them (Begon et al., 2006).

Environmental filter The environmental (abiotic) con-
ditions which influence the establishment or per-
sistence of species in local communities (Zobel,
1997; Götzenberger et al., 2012; Wisz et al., 2013;
Ovaskainen et al., 2017b) by means of e.g species
sorting .
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Extrapolation Predictions made outside the range of
the original explanatory data — ”Often a danger-
ous procedure” (Everitt and Skrondal, 2010).

Fundamental niche Species niche defined only by envi-
ronmental, abiotic filtering, i.e. the environmental
conditions which would permit the species to exist
indefinitely; or the subset of n-dimensional space
of all possible environmental conditions in which a
species can survive (Hutchinson, 1957; Violle and
Jiang, 2009).

Inference Drawing conclusions about a population,
based on a sample of either measurements or ob-
servations from the units of the population (Everitt
and Skrondal, 2010).

Interpolation Predictions made within the range of the
original explanatory data.

Joint species distribution model (JSDM) A species
distribution model for multiple taxa, accounting
for both correlation between species and response
to predictor variables (Warton et al., 2015a).

Limiting similarity Due to the specialisation of species
to certain finite, variable and unstable abiotic con-
ditions, competition may (but does not always) set
a limit to the similarity of species able to coexist
(Macarthur and Levins, 1967).

Macroecological model (MEM) A statistical model
that predicts the distribution of species by cor-
relating macroecological properties (e.g. species
richness) and environmental variables (D’Amen
et al., 2015b; Ferrier and Guisan, 2006).

Migration Large-scale movement of individuals or
propagules of species from one place to another.

Neutral theory Neutral models expect that the distri-
bution and abundance of species fluctuate entirely
at random. The unified neutral theory of biodi-
versity and biogeography (Hubbell, 2001) assumes
the same randomness, so that biodiversity in gen-
eral results from random origination. This results
in random fluctuations of distributions and abun-
dances over time, and finally equally random de-
partures of ecologically equivalent organisms.

Phylogenetics The study of the evolutionary history
and relationships among individuals or groups of

organisms. The result of phylogenetic inference is
a phylogeny (a.k.a. a phylogenetic tree) — a dia-
gram illustrating the evolutionary relationships of
a group of organisms.

Phylogeographic assembly A collection of processes
influencing the global species pool, namely mi-
gration, speciation, extinction and adaptation (see
Götzenberger et al. (2012)).

Precision Measure of the spread of a (predictive) dis-
tribution (Everitt, 2002), and thus its information
content. Also known as sharpness.

Prediction An interpolative or extrapolative projec-
tion of the knowledge gained with inference.

Priority effect The impact of species on one another de-
pendent on their order of arrival (Drake, 1991).

Randomness A random event is not (completely) deter-
mined by other factors, i.e. non-deterministic, but
is governed by chance (Everitt and Skrondal, 2010).

Realised niche The niche occupied by the species in re-
ality, restricted by the fundamental niche, where
the species is not excluded due to biotic filter-
ing, and hence it is contingent on the regional
species pool; or the subset of n-dimensional space
of all possible environmental conditions in which
a species can survive after taking into account also
species interactions (Hutchinson, 1957; Violle and
Jiang, 2009).

Response trait Any trait associated with the response
of species to environmental factors such as re-
sources and disturbances (Lavorel and Garnier,
2002).

Scale The spatial and/or temporal entity over which
signals are integrated or smoothed to transmit
message (Allen and Starr, 2017c).

Spatial autocorrelation A very common property of
of ecological variables, which measures the (dis-)
similarity between samples in respect to their spa-
tial distance (Legendre, 1993).

Spatially explicit Spatially explicit model accounts for
the spatial structure of a focal phenomen and/or
data in full, so that e.g. the exact coordinates for
observations are accounted for.

Spatially implicit Spatially implicit model incorpo-
rates some limited spatial structure, e.g. sampling
plots or regions.



Species distribution model (SDM) A statistical model
that relates data on the occurrences or abundances
of species at known locations with information on
the environmental and/or spatial characteristics of
those locations, used to gain ecological and evolu-
tionary understanding, and to predict species dis-
tributions across landscapes (Elith and Leathwick,
2009).

Species niche The subset of n-dimensional space of
all possible environmental conditions in which
a species can satisfy its minimum requirements
and survive, without and with species interactions
(Hutchinson, 1957; Violle and Jiang, 2009); or the
position of a species in a community, consisting
of both its requirements and impacts regarding its
abiotic and biotic conditions (Elton, 1927; Chase
and Myers, 2011; Letten et al., 2017).

Species pool The set of species that could potentially
colonise a local site or community over ecological
time.

Species sorting Filtering by local environmental condi-
tions (Székely and Langenheder, 2014).

Stacked species distribution model (SSDM) Stacked
predictions based on single species distribution
models (see e.g. Ferrier and Guisan (2006) and
Guisan and Rahbek (2011)).

Stochasticity A stochastic process is a series of random
variables which are assumed to stem from a cer-
tain range (Everitt and Skrondal, 2010). Stochas-
ticity in biological phenomena can be considered
as the noise surrounding the possibly determinis-
tic signal.

Sympatry Geographical overlap between species. In
sympatric speciation an ancestral species diverges
into new species while inhabiting the same geo-
graphic area, through e.g. disruptive selection (see
e.g. Zeigler (2014)).

Wood-inhabiting fungi (WIF) A polyphyletic func-
tional group of fungi, consisting of fungal species
that utilise woody material as their main resource.
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Introduction

Modern community ecology

“Ecological community is an ensemble
of individuals representing numerous
species which coexist and interact in an
area or habitat” Drake (1990)

In community ecology we are interested in
the patterns of occurrence and abundance of
species communities. The hypothesised pro-
cesses determining the number and compo-
sition of coexisting species have been central
to ecology for decades (Clements, 1916; Glea-
son, 1926; Clements, 1936; Samuels and Drake,
1997; Belyea and Lancaster, 1999; Weiher and
Keddy, 1999). In practice, communities can be
hard to define. Even though numerous studies
have shown that nonrandom communities do
exist (see e.g. Weiher and Keddy (1995)), dis-
entangling the complex processes governing
their assembly is difficult (Götzenberger et al.,
2012). In order to find the relevant patterns and
to discover sensible generalisations that can be
underpinned with some rules, it is important
to look at the processes and patterns at the
correct, biologically justified scale (Levin, 1992;
Lawton, 1999; Allen and Starr, 2017b).

Originally proposed by Zobel (1997), and de-
veloped further by e.g. Götzenberger et al.
(2012) and Ovaskainen et al. (2017b), commu-
nity assembly can be viewed conceptually as hi-

erarchical filters operating at different spatial
scales (Figure 1). Assembly rules can be de-
fined as factors limiting the observed patterns
in community data (Götzenberger et al., 2012;
Wilson, 1999) (phylogeographic and ecological as-
sembly; Figure 1), which differentiates them
from the actual processes producing the pat-
terns (terms inside the boxes, in Figure 1).

The global species pool consists of all species.
The subset of species able to colonise a region
form the regional species pool, of which the
subset able to colonise a local site form the lo-
cal species pool. At each level, the subset of
species is a result of the combined effects of
environmental filtering, biotic filtering and neu-
tral processes, i.e. ecological assembly. The
match between the environmental conditions
and species functional traits combined with bi-
otic filtering, i.e. interactions outline the species
niches (Chase and Leibold, 2003). The niche
is a much-debated concept with several inter-
pretations and definitions, and a thorough dis-
section of the concept is beyond the scope of
this thesis (but see e.g. (Leibold, 1995)). Here,
we adopt the definition by Leibold (1995), who
outlines the niche as a sum of the impacts (El-
ton, 1927) and requirements (Hutchinson, 1957)
of the species, of which the latter can be further
hierarchically separated into the fundamental
and realised niches.

15
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Speciation & adaptation

Species traits

Biotic filtering

Environmental 
filteringNeutral processes

Local
species pool
Observed 
community

Regional
species pool

Global
species pool

D
isp
er
sa
l

Phylo-
geographic
assembly

Ecological
assembly

Figure 1: A conceptual figure describing how different processes affect the assembly of a community,

adopted from Ovaskainen et al. (2017b), Götzenberger et al. (2012) and Zobel (1997). Different hierar-

chical assembly processes affect the structure and dynamics of the communities at global, regional and

local scales. Speciation and adaptation determine the global species pool, of which species disperse and

migrate to regional and local pools. The combined effects of the environment, biotic interactions and

neutral processes filter the subset of species able to colonise. Species respond to this filter as a function

of their traits, which are the result of the evolutionary history of the species.
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Throughout Earth’s history, major events have
shaped the Earth and its climate, and conse-
quently the global species pool via speciation,
extinction and adaptation (Figure 1). These
evolutionary and historical processes deter-
mine the present-day pool of species avail-
able for the assembly processes to operate on.
Migration and dispersal are the current which
drives new colonisations (see e.g. Clobert et al.
(2012)). Ecological assembly serves as a sys-
tem for sorting and selection, and evolution-
ary forces influence the inherent potential of
a given species in terms of its flexibility in re-
sponding to both abiotic and biotic conditions
(Johnson and Stinchcombe, 2007). Interplay
between shorter and longer timescales makes
ecological assembly inevitably affect the phy-
logeography and local adaptation of species
(Mittelbach and Schemske, 2015). Phylogeo-
graphic assembly outlines the starting point
for the ecological assembly, but in the end the
smaller scale processes define the larger scales
— if a species becomes locally extinct all about,
it becomes extinct also globally.

Species respond to the combined filtering ef-
fects of ecological assembly processes as a
function of their response traits (Lavorel and
Garnier, 2002). The variation in the trait
compositions of species are a result of their
evolutionary history, and consequently con-
strained by the phylogenetic relationships be-
tween the species, connecting these processes
to the global level. Closely related species
might share similar tolerances and responses
to environmental factors and might thus be
more likely to occur within the same com-
munity than less related species. As a coun-
terforce, limiting similarity prevents the coex-
istence of closely related species sharing the
same trait composition and thus also their re-
source requirements (Macarthur and Levins,
1967). Studies have illustrated both, even in
the same community, conditional on the en-

vironmental conditions and the spatial, tem-
poral or phylogenetic scale of observation (see
references in Johnson and Stinchcombe (2007)
and Cavender-Bares et al. (2009)). The rel-
evant scale of observation is critical — e.g.
in the case of divergent allopatric speciation
with no secondary sympatry, relevant trait(s)
can seem overdispersed in comparison to phy-
logeny, giving correct evidence of local adap-
tation at the regional scale, but at the local
scale no such pattern is seen (Mittelbach and
Schemske, 2015).

Addressing the process of environmental filter-
ing has traditionally been done by attributing
relevant characteristics of the habitat to the oc-
currence patterns of species (Kraft et al., 2015).
This enables inference on the match between
the focal habitat and species niches and out-
lining the geographical ranges of species dis-
tributions. The fundamental niche of a species
can be defined as all the possible abiotic condi-
tions in which a species can survive (Hutchin-
son, 1957; Violle and Jiang, 2009). Per the con-
ceptual approach adopted here (Figure 1), en-
vironmental filtering can be viewed as the pro-
cess defining this fundamental niche of the
species, where relevant characteristics of the
environment prevent the colonisation or per-
sistence of species (Kraft et al., 2015). Species
traits provide a mechanistic basis for the func-
tioning of the ecological filter (Dı́az et al., 2004;
Cadotte et al., 2011) by providing a link from
population processes to the surrounding envi-
ronmental gradients, as well as biotic interac-
tions determining species coexistence (McGill
et al., 2006).

Biotic intra- and interspecific interactions
(Wisz et al., 2013) are known to influence
the structure and dynamics of a community
through various mechanisms, e.g. competi-
tion, mutualism, facilitation and host-parasite-
interactions (Van Dam, 2009). The realised
niche of a species can be defined as all the
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possible environmental conditions in which a
species can survive after taking into account
also biotic interactions (Hutchinson, 1957;
Violle and Jiang, 2009). Consequently, biotic
filtering determines the realised niches of
species, and hence the ultimate set of species
occurring in local communities. It has been
hypothesised that environmental filtering
operates from larger to smaller spatial scales
(species sorting, e.g. Langenheder and Székely
(2011)), whereas biotic filtering operates espe-
cially at smaller scales (through e.g. limiting
similarity, Macarthur and Levins (1967)).
These driving forces interact (e.g. Callaway
and Walker (1997); Sarneel et al. (2016)), as for
example competition can be almost nonexis-
tent when abiotic conditions are favourable
enough, but with harsher conditions due to
e.g. changes in temperature or rainfall — a
typical climate change scenario — competition
might become more fierce.

“Everything is related to everything else, but
near things are more related than distant
things” (Tobler, 1970). Spatial dependence be-
tween observations, or spatial autocorrelation
in ecology (Diniz-Filho et al., 2003; Dale and
Fortin, 2002; Dormann, 2007; Hawkins, 2012;
Kühn and Dormann, 2012; Wagner and Dray,
2015) follows the general theory of hierarchy
(Allen and Starr, 2017a; Legendre, 1993): the
abiotic environment results from large-scale
physical processes that produce both continu-
ous gradients and patchy, discontinuous struc-
tures, and this becomes reflected in the biotic
systems as well. In terms of ecological anal-
ysis, these exogenous factors are ideally con-
sidered as environmental factors, thus reduc-
ing autocorrelation and producing correct in-
ference (Liebhold et al., 2004; Dormann, 2007).
Endogenous factors, such as dispersal, result
from the intrinsic biology of organisms, and
accounting for those is usually more challeng-
ing (Dormann, 2007). In addition to stochas-

tic processes, historical contingencies (e.g. evo-
lutionary processes (Mittelbach and Schemske,
2015; Johnson and Stinchcombe, 2007), priority
and founder effects (Fukami, 2015) and past en-
vironmental conditions (Peterson, 2002)), can
produce spatial autocorrelation. The scale, i.e.
the spatial (or temporal) frame over which sig-
nal is captured (Allen and Starr, 2017c) con-
nects the spatial dependence to the mecha-
nisms of assembly: depending on the scale
of observation, the relative relevance of dif-
ferent assembly mechanisms are assumed to
vary (Figure 1), and thus also the spatial de-
pendence of the species occurrences.

Randomness in community assembly comes in
many forms. The level of its relative influ-
ence in community assembly can be consid-
ered as a gradient, in which one end represents
a completely deterministic community assem-
bly, and the other an assembly based on neutral
processes. If assembly processes are assumed
to determine the community with no random
events, then given the right model, the assem-
bly could in theory be fully predictable. In the
other extreme, neutral theory (Hubbell, 2001)
proposes assembly to stem from purely ran-
dom events, making communities drift from
deterministic expectations (Gilbert and Levine,
2017), and resulting in coexistence of species
with the same expected composition of traits
(Etienne and Alonso, 2007).

But even in community assembly based on
some expected rules, stochasticity plays a role.
We expect natural phenomena to result in pat-
terns that incorporate both stochasticity and
deterministic elements. In addition to intro-
ducing noise around the expected community
pattern, stochasticity can also lead to alterna-
tive assembly pathways: A stochastic event,
say, the primary colonising species (resulting
from dispersal, assumingly a largely stochas-
tic process, although most likely producing
some endogenous spatial dependence (Dor-
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mann, 2007)), can push the assembly to a cer-
tain trajectory, after which some more deter-
ministic processes start to influence the pro-
cess (Fukami, 2015). Stochasticity is a com-
bined result of its variable sources (e.g. envi-
ronmental and demographic fluctuations and
drift), as well as the (non-stochastic) commu-
nity processes it has an effect on (e.g. biotic in-
teractions, species trait composition and popu-
lation growth rate), and because of this vari-
ability, the importance given to stochasticity
should always be tied to the system under
study and questions being addressed (D’Amen
et al., 2015b).

The era of model-based thinking

“Whether at the global scale (e.g.
climate change) or the local scale (e.g.
pollution of a single lake) the questions
remain the same: can we predict the
future states of communities? The
ability to answer such questions rather
than speculate about them is essential.”
Keddy (1992).

Data analytical tools can be roughly divided
based on the way the data have been acquired
(vertical axis in Figure 2) and in terms of the
output of the analysis (horizontal axis in Fig-
ure 2). Data can be the result of active manipu-
lation, with e.g. an experimental design aimed
to ask specific research questions (Scheiner and
Gurevitch, 2001). Passive data is purely ob-
servational, with no underlying experiments,
and most traditional species inventories result
in such data. Concerning the aims and output
of the analysis, the key difference is whether
we want to make inference or predictions (James
et al., 2013). Even though predictions can for-
mally be considered to be a part of inference,
here we separate the two by defining inference
as the knowledge we gain from e.g. estimates

of regression coefficients, or from the patterns
we see in ordinated data, whereas predictive
knowledge is based on utilising the fitted sta-
tistical model to project the captured signal as
an inter- or extrapolative scenario.

By combining the two dimensions described
above (Figure 2), data analysis can be consid-
ered as a continuum between methods that are
descriptive (e.g. ordinations on survey data,
Nordén et al. (2013)); correlative (e.g. species
distribution modelling of atlas data, Brotons
et al. (2004)); mechanistic (e.g. hypothesis tests
on experimental data, Lepš (2014)); and causal
(mechanistic modelling of experimental data,
Oldén et al. (2014)). The division is hardly
ever clear cut in practice. Consider e.g. the
common case, where the interest is in how
some anthropogenic factors influence biodiver-
sity. The data can be collected with no actual
experiments done, but on the other hand hu-
man land use is basically an ongoing study
on how habitat loss and fragmentation affect
global biodiversity (e.g. Hanski (2005)), and cli-
mate change is one overwhelming experiment
on how global warming influences ecosystems
(e.g. Thomas et al. (2004) and Bakkenes et al.
(2002)).

Inference Prediction

Active

Passive Descriptive

Mechanistic

Correlative

Causal

Figure 2: A general division between data analyt-
ical approaches.

The ability to make predictions has been pro-
posed to be the ultimate goal of any sci-
ence (Houlahan et al., 2017), including ecol-
ogy (Keddy, 1992). Moreover, the goal is
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not only to predict patterns in current condi-
tions (interpolation), but to model how pro-
cesses generate patterns, so as the conditions
change, we can predict the resulting changes
in the patterns (extrapolation) (D’Amen et al.,
2015b). Community ecological analysis is mov-
ing towards model-based thinking, and dur-
ing recent decades, new methods have been
adopted, applied and also developed, espe-
cially in the field of species distribution mod-
elling (Elith and Leathwick, 2009; Warton et al.,
2015a; Ovaskainen et al., 2017b). There is a
large array of modelling methods that can be
used as species distribution models (SDMs), each
of which based on different assumptions on
how the surroundings — comprised of both
environmental and biotic factors as well as
stochastic processes (Figure 1) — affect the dis-
tribution of species and communities (e.g. Elith
et al. (2006); Guisan et al. (2007b) and Chap-
ter I). Trying to decipher the influential pro-
cesses affecting the assembly of species with
community modelling and bridging together
the niche and neutral theory (Haegeman and
Loreau, 2011) calls for understanding the in-
terplay between ecology and evolution, deter-
ministic processes and randomness, as well
as assimilating the structural properties, pos-
sibilities and limitations of the methods in
hand.

SDMs have been used in community mod-
elling by simply stacking the single species
distributions together (SSDMs) (Ferrier and
Guisan, 2006). The theoretical assumption be-
hind modelling species independently is that
species respond individualistically to changes
in their habitat, and that the structure of
communities in the future can differ from
the present ones (Williams and Jackson, 2007;
Guisan and Rahbek, 2011). Nevertheless
the predicted stacked communities have been
shown to overpredict species richness, possi-
bly due to the omission of the biotic filter (Fig-

ure 1) in the modelling framework (Guisan and
Rahbek, 2011; Dubuis et al., 2011; Calabrese
et al., 2014; Mod et al., 2015). Solutions to over-
come this problem have been sought from e.g.
combining SSDMs with macroecological models
(MEMs) (Guisan and Rahbek, 2011; Calabrese
et al., 2014; D’Amen et al., 2015a), but the re-
sults have provided limited remedy (Calabrese
et al. (2014), but see D’Amen et al. (2015a)).
Another approach is to include biotic interac-
tions directly, by e.g. including the occurrences
of dominant species as predictors (Mod et al.,
2015), or in a temporal context, the composi-
tion of the predecessing community (Chapter
IV).

Multivariate analysis of ecological communi-
ties has for long followed the tradition of al-
gorithmic (Warton et al., 2015b), especially
ordination-based methods (Legendre and Leg-
endre, 2012). SSDMs and MEMs have already
brought community analysis to a more model-
based (Warton et al., 2015b), predictive direc-
tion, but within the last few years we have
entered a “third phase in methods for mul-
tivariate analysis in ecology” (Warton et al.,
2015a), i.e. the era of joint species distribution
models (JSDMs) (Pollock et al., 2014; Warton
et al., 2015b,a; Harris, 2015; Golding et al., 2015;
Clark et al., 2017; Hui, 2016; Ovaskainen et al.,
2017b). This novel emerging group of multi-
variate modelling methods makes it possible to
fully specify a joint statistical model for mul-
tispecies occurrences, incorporating the effects
of both environmental filtering and biotic in-
teractions, along with stochastic variation (Fig-
ure 1) (Warton et al., 2015a; D’Amen et al.,
2015b; Ovaskainen et al., 2017b).

The reason for modelling the distributions of
species individually instead of as a community
has been more technical than paradigmatic —
fitting complex multivariate predictive mod-
els has not been computationally feasible due
to the large amount to parameters to be es-
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timated (Warton et al., 2015a). As opposed
to MEMs and SSDMs, JSDMs estimate distri-
butions of multiple species independently for
each species, but with specific parameters con-
necting the species together. Warton et al.
(2015a) define JSDMs as parametric statistical
models for the occurrences of multiple taxa,
which in addition to responses to predictor
variables also account for the correlation be-
tween taxa, and in order to accomplish this,
some form of random effects need to be in-
cluded. Consequently, the large number of pa-
rameters that need to be estimated presents
a highly intensive and demanding computa-
tional task, but today’s technological advance-
ments regarding both software and hardware
have made these tasks feasible.

The performance of methods for modelling
biodiversity has been evaluated by review-
ing previous studies and theoretical contem-
plation (e.g. Guisan and Zimmermann (2000);
Araújo and Guisan (2006); Dormann (2007);
Li and Wang (2013)), or applying some SDMs
and comparing their performance in prac-
tice, utilising either real data sets (e.g. Elith
et al. (2006); Wisz et al. (2008)), simulated
data (e.g. Meynard and Quinn (2007); San-
tika and Hutchinson (2009)), or both (e.g. Moi-
sen and Frescino (2002); Zhang et al. (2018)).
No consensus has emerged regarding an ulti-
mately best modelling method. Studies have
mostly been focused on how well do different
(S)SDMs perform in comparison to each other
(the most comprehensive study to date being
Elith et al. (2006)), with some exceptions ap-
plying also community-level methods (Baselga
and Araújo, 2010; Madon et al., 2013), of which
the most recent studies have also included JS-
DMs (Zhang et al. (2018) and Chapter I).

It is of importance to know how different mod-
elling techniques perform in various study
settings, and with different species groups

(Heikkinen et al., 2012). The primary crite-
ria for evaluating model performance are of-
ten based on interpolation, describing how
correctly can the model predict within the
range of the training data, which is a pre-
condition for credible interpretation of the re-
sults (Guisan and Zimmermann, 2000). Mea-
sures based on extrapolation describe the gen-
erality and transferability of the model, mean-
ing how well the model predicts outside the
range of the training data (Guisan and Zim-
mermann, 2000). Extrapolative predictions are
often done in the context of e.g. conserva-
tion planning (Loiselle et al., 2003), predict-
ing changes due to climate change, or other
human induced impacts on the environment
(Araújo and Guisan, 2006; Baselga and Araújo,
2009; Falk and Mellert, 2011) and many other
applications (e.g. Araújo and Peterson (2012);
Guisan and Thuiller (2005)). Thus far rather
limited effort has been devoted to answering
the question of generality, and the most model
transferability studies available have focused
on only one or a few of model types and mod-
elled (groups of) organisms (Arntzen, 2006;
Randin et al., 2006; Peterson et al., 2007; Bar-
bosa et al., 2009; Duncan et al., 2009; Wenger
and Olden, 2012).

Studies comparing the performance of SDMs
rarely ask exactly why we see variation in
model outcomes (Elith and Graham, 2009).
Overall, the suitability of a particular model
depends largely on the goals of a given study
(Guisan and Zimmermann, 2000). In addi-
tion to the differences between the formula-
tion and underlying paradigms of the mod-
els, also their implementations play a major
part, as well as how adeptly they are applied
(Austin et al., 2006; Joppa et al., 2013). Some
of the most common pitfalls have been dis-
cussed in the literature (Araújo and Guisan,
2006; Barry and Elith, 2006; Araújo and Peter-
son, 2012; Jarnevich et al., 2015).
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Ecosystem functioning & changing
environments

“Improved capability to predict the
consequences of changes in drivers for
biodiversity, ecosystem functioning,
and ecosystem services, together with
improved measures of biodiversity,
would aid decision-making at all
levels.” Millennium Ecosystem
Assessment (2005)

Humans are the single most important factor
affecting life on Earth (Terborgh, 1999; Sander-
son et al., 2002; Wilting et al., 2017). The magni-
tude of human land use has brought about dis-
cussion of a whole new geological era: the An-
thropocene (Crutzen, 2002; Steffen et al., 2007).
While there is indisputable intrinsic value in
gaining information about the patterns and
processes of biodiversity, and fundamental re-
search is required for constructing the core of
our understanding of natural processes, in or-
der to make decisions based on scientific re-
search (rather than gut feeling), we need pre-
dictive ecological studies projecting the im-
pacts of the environmental change we are caus-
ing. The Millennium Ecosystem Assessment
(MA, 2005) sets their goal in establishing a sci-
entific basis for actions needed for enhancing
the conservation and sustainable use of ecosys-

tems, of which the basis is a “dynamic complex
of plants, animals, and microorganisms” — i.e.
ecological communities.

Several studies have explicitly addressed ques-
tions of community assembly in the context of
ecosystem functioning and conservation (e.g.
Wiens et al. (2010); Bässler et al. (2014); Knel-
man and Nemergut (2014); Lasky et al. (2014);
Ohira et al. (2015); Lozanovska et al. (2018);
Måren et al. (2018)). Species distribution mod-
els have been used in applied predictive stud-
ies focusing on topics of e.g. restoration (e.g.
Gastón et al. (2014); Adams et al. (2016); Kad-
owaki (2018)), invasive species (e.g. Moles et al.
(2008); Gallien et al. (2010); Uden et al. (2015))
and climate change (e.g. Wiens et al. (2009);
Kearney et al. (2010); Lavergne et al. (2010)),
among other applications (see e.g. Guisan and
Thuiller (2005)).

Despite the large number of studies apply-
ing SDMs to conservation problems, clear ev-
idence of the practical utility of these mod-
els in real-life management decisions remains
sparse (Guisan et al., 2013). Further research
is needed for predicting the future of biodiver-
sity, as habitat degradation, loss and fragmen-
tation and climate change continue to modify
our living environment, with a focus not only
on fundamental questions of ecology, but also
interdisciplinary approaches on how to put the
gained knowledge into practise.
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Aims of the Thesis

In this doctoral thesis, I study both the struc-
ture and assembly of various natural species
communities (Chapters II-IV) as well as statis-
tical methods commonly used to model these
communities (Chapter I). With the new joint
modelling methods offering novel tools for
gaining more mechanistic insight to the pro-
cesses affecting the assembly and structure of
communities (Figure 1), there is clear motiva-
tion for comprehensive and versatile analysis
of existing large, high-quality data sets, in or-
der to answer questions related to both funda-
mental and applied community ecology. In ad-
dition to the newly emerging ones, there is a
variety of old established methods for predic-
tive community modelling, and to our knowl-
edge they have not yet been subjected to com-
mon comparisons.

I model and analyse species community data
from the four introduced angles for data anal-
ysis (Figures 2 and 3). In Chapter I, I fit a col-
lection of SDMs to actively modified observa-
tional data and look into the predictive per-
formance of these models. I examine the pre-
dictive performance of the models in terms
of their underlying assumptions and structure,
and examine them in a systematic way includ-
ing different statistical as well as biological as-
pects. In Chapter II, I analyse an observational
data set of intestinal parasites and bacterial mi-
crobiota of rufous mouse lemurs in Madagas-
car, and provide a descriptive analysis of the
interactions between and within these taxa, as
well as how the characteristics of their hosts

affect them. In Chapter III, based on survey
data, I model and simulate the functional com-
munity composition of wood-inhabiting fungi
(WIF) in the temperate beech forests of north-
ern Spain, and show with predictive scenario
simulations how the WIF community changes
as we move from natural to managed forest
sites. Finally, in Chapter IV, I use time se-
ries data from a forest restoration experiment
in Central Finland to model the succession of
a polypore community with the aim of provid-
ing mechanistic knowledge on the early devel-
opment of the community.

Inference Prediction

Active

Passive Chapter II

Chapter I

Chapter III

Chapter IV

Figure 3: A division between the chapters of
the thesis, based on general data analytical ap-
proaches (see Figure 2).

I provide new insights to the functioning of the
aforementioned communities by quantifying
different assembly processes and investigat-
ing their relative importances (Chapters II-IV).
I validate these studies by showing how the
applied novel modelling method performs in
comparison to other available methods (Chap-
ter I).
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Material and Methods

Species occurrence patterns (Y ) and environ-
mental covariates (X), along with the spatial
dependence (S) of the sampling units, form
the basis of a species distribution model (Fig-
ure 4). In Chapter I, we fit variants of SDMs
which vary in whether the spatial structure (S)
and residual correlations between species (Ω)
are included in the models. In Chapter II, we
fit two models: a null model with only species
occurrences (Y ) and their correlations (Ω) and
a full model with species occurrences (Y ), en-
vironmental covariates (X), species traits (T ),
phylogenies (C), along with host individual
and transect level (S) as well as year level (A)
random effects. In Chapter III, we fit two,
otherwise identical models with species oc-
currences (Y ), environmental covariates (X),
species traits (T ) and random effects accord-
ing to the sampling design (S), but we alternate
between including and excluding the phyloge-
netic relationships between the species (C). In
Chapter IV, we fit 27 models in total, differing
in terms of whether environmental covariates
(X) and spatial structure (S) are included and
also how the temporal dimension of this moni-
toring data was included as covariates describ-
ing the community structure of the previous
years (A).

Comparing methods

It is of importance to know how different pre-
dictive modelling techniques behave in vari-
ous study settings, and for species with differ-
ent life histories. In Chapter I, we compared
various species distribution modelling frame-
works, including both joint and stacked meth-
ods, in the context of predictive community-
based modelling, in terms of their predictive
performance. We fitted the model variants to
five real, observational data sets with contrast-
ing structure in terms of species richness and
prevalence. With a collection of performance
measures, we assessed how well the model
variants were able to predict independent val-
idation data.

The data were divided into training and val-
idation sets in three different ways: interpo-
lated validation data represented similar envi-
ronmental conditions to those in the training
data, while the conditions in the partially and
especially fully extrapolated validation data
differed from those in the training data. All
types of predictions are useful for testing for
model performance, but extrapolative predic-
tions allow us to also examine how general
and transferable the model is. While interpola-
tion and partial extrapolation are often used as
a primary criterion for evaluating model per-
formance, full extrapolation has been exam-
ined much less (but see e.g. Wenger and Olden
(2012); Owens et al. (2013)).
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Figure 4: Summary of the chapters. In the ’Data’ section, the data matrices used in the statistical mod-

elling are illustrated. The data has the same basic structure in all chapters, but not all types of data are

included in all the models and chapters. In the ’Models’ section, the direct acyclic diagrams (DAGs) sum-

marise the structure of the fitted models. In the DAGs, the boxes refer to data and the ellipses to estimated

parameters (adopted from (Ovaskainen et al., 2017b)). The dotted lines indicate the data, variables and

parameters which varied between different models fitted in the particular chapter. The variables and

parameters (not explained in the figure) include: L=linear predictor, σ=data model, β=species niches,

V =unexplained variation in species niches, Ω=random variation in (co-)occurrence, γ=influence of traits

on species niches, ρ=influence of phylogeny on species niches. In the ’Results’ section the main results for

each of the Chapters are summarised. For further explanations and equations for the HMSC modelling

framework illustrated in the DAGs, see Ovaskainen et al. (2017b).
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We examined the predictive performance of
different SDM frameworks by combining two
perspectives: the biological scale of the pre-
dictions and the statistical aspect. By look-
ing at the levels of species-specific marginal
occurrence probabilities, as well as species
richness and community composition (i.e. bi-
ological scale) in terms of model accuracy,
discrimination, calibration as well as the pre-
cision of the predictions (i.e. statistical as-
pect) for all the model variants and data
types, we obtained 27 (model variants) ×
5 (taxa) × 3 (data types) × 2 (data sizes) ×
3 (ecological levels) ×4 (performance aspects) =
9, 720 quantifications of predictive perfor-
mance, for which we conducted a meta-
analysis to infer what are the most influen-
tial factors determining the overall predic-
tive performance of the model variants (Fig-
ure 4).

Hierarchical modelling of species
communities

In the core of this thesis — and thus present in
all of its chapters in some form — is a newly
emerging joint species distribution modelling
framework called Hierarchical Modelling of
Species Communities (HMSC) (Ovaskainen
et al., 2017b). This method is based on a hierar-
chical Bayesian generalised linear mixed model
and belongs to the modern family of JSDMs
utilising latent variables (Warton et al., 2015a),
where the occurrences of species are mod-
elled jointly, with specific parameters account-
ing for correlations between species (JSDM),
while producing also marginal estimates for
individual species (SDMs).

Although in this thesis the capabilities of the
framework are demonstrated with real data,
its performance has previously been evalu-
ated with simulated data as well (Ovaskainen

and Soininen (2011); Ovaskainen et al. (2017a);
Tikhonov et al. (2017), and see Ovaskainen
et al. (2017b) for an hands-on example).

A data set of a community is typically a
sampling units × species matrix Y of species
occurrences, either presences and absences or
abundances (Figure 4). In the context of species
distribution modelling, the typical accompany-
ing data set is that of environmental covari-
ates, which is a sampling units× covariates ma-
trix X describing the environmental character-
istics of the sampling units (e.g. plots), where
the species occurrences were recorded. Cor-
relating these occurrences and environmental
characteristics constitutes the very basis for a
(J)SDM.

Being the core of a SDM, it is essential that the
assumed relationship between the species oc-
currences and explanatory environmental vari-
ables matches with the assumed assembly pro-
cesses resulting in the patterns we see in the
data. The most obvious factor to consider is the
amount of flexibility and nonlinearity, which
relates directly to the shape of the species re-
sponse to its environment (Austin et al., 1994;
Merow et al., 2014). The complexity of the re-
sponse varies between modelling frameworks
from highly flexible (e.g. data driven machine
learning methods) to rather rigid (e.g. linear
models) (see e.g. Merow et al. (2014) for illus-
tration and Chapter I for comparison of per-
formance), but it also varies among the vari-
ants, because in practice all modelling meth-
ods involve some sort of tuning. Thus, the
modeller needs to select the most appropri-
ate model. It is important to consider the ob-
jectives of the study and the attributes of the
data in hand, as well as how the two inter-
act with the underlying biological processes
(Merow et al., 2014).

In the HMSC framework, the relationship
between species occurrences and their envi-
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ronment has been implemented as a hier-
archical multivariate linear model. Origi-
nally introduced by Ovaskainen and Soini-
nen (2011), the model combines the underly-
ing species-specific models into a single hierar-
chical one, in which a community component
seeks shared patterns in the species responses.
This borrowing of information across species
enables the modelling of very rare species, for
which fitting individual SDMs would be im-
possible, and was shown to improve the pre-
dictive accuracy of the SDMs (Ovaskainen and
Soininen, 2011). Regarding the complexity
of the relationship between species and their
environment, HMSC relies on linearity, but
naturally allowing for polynomial relations as
well.

HMSC (Ovaskainen et al., 2017b) incorporates
not only the aforedescribed correlation be-
tween species and their environment (Chapters
I-IV), but relating these correlations to the re-
sponse traits of the species (Chapters II-III); in-
cluding the spatial structure of the data with la-
tent variables (Ovaskainen et al. (2016b), Chap-
ters I-IV); inferring hypotheses for biotic inter-
actions by modelling the residual correlation
between species after accounting for their re-
sponses to their environment with latent vari-
ables (Chapters I-III, Ovaskainen et al. (2016a));
as well as estimating species interactions from
time-series (Chapter IV and Ovaskainen et al.
(2017a)).

Spatial observation dependence

Statistical inference draws conclusions about
a real system based on a sample (Everitt and
Skrondal, 2010), and thus spatial dependence
between units of the system should be seen in
a representative sample as well. Ignoring spa-
tial dependence of data points can inflate Type
I errors 1 in any statistical analysis, and even
if it does not always lead to biased results and

interpretation, it should nevertheless be inves-
tigated (Diniz-Filho et al., 2003). Spatial auto-
correlation in species distributions is a result of
biological processes operating at spatially het-
erogenous environments, and resulting in its
simplest form in higher similarity of spatially
proximate samples (Dormann, 2007).

The sampling design of a data set brings ad-
ditional (spatial and/or temporal) structure to
the data, which is highly relevant to account
for in order to avoid biased statistical inference.
In the basic setting, with the assumption of in-
dependence between sampling units, the oc-
currences of species are modelled as the ex-
pected value plus some random, unstructured
noise (variance). In the case of spatial depen-
dence, this noise is not random, but structured,
necessitating some additional component in
the model, which accounts for the increasing
(dis)similarity between data points as a func-
tion of distance between them, i.e. the covari-
ance between the values of an explanatory vari-
able between two locations (Dormann, 2007).
Informally described, a spatial SDM tries to ex-
plain species occurrence patterns as a function
of filtering processes (Figure 1), but accounts
also for the spatial dependence between sam-
pling units resulting from other processes than
the ones included in the model as explanatory
variables.

There are different ways to incorporate spatial
autocorrelation in statistical frameworks (see
e.g. Cressie (2015) for an overview and Chap-
ter I for examples and comparison). In the
case of spatially implicit data, HMSC incorpo-
rates spatial dependence by simply defining
the levels of latent variables with the spatial
structure, e.g. sampling units nested in plots,
which can be nested within regions, etc. In

1Type I error refers to false rejection of the null hy-
pothesis, whereas Type II error refers to the false accep-
tance of the null hypothesis.
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the case of spatially explicit data, continuous
spatial dependence is included by introducing
spatial covariance structure to the latent vari-
ables. This makes the inclusion of the spatial
context (Figure 4) flexible: if the explicit lo-
cations are included at the level of the sam-
pling units, also the estimated residual cor-
relations between species depend on the dis-
tance between the sampling units. In this
case, the model assumes that species share
the same source of spatial structure (e.g. some
large scale climatic variable not included in
the explanatory variables, represented by the
latent factors), but the responses (i.e. the la-
tent factor loadings) to it are species-specific
(Ovaskainen et al., 2016b, 2017b). Our interest
lies in these factor loadings that can be easily
transformed into residual correlations between
species, which can result from the aforemen-
tioned unaccounted abiotic factors, but also bi-
otic interactions (Chapters II-III).

Interactions

Separating biotic interactions from other as-
sembly processes is a challenging task, but a
variety of methods attempting to tease these
processes apart have been developed, and re-
cently reviewed extensively by Kissling et al.
(2012) and Wisz et al. (2013). Studies have
shown how it is possible to improve species-
specific predictions by including (potentially)
interacting species as restrictors (Schweiger
et al., 2012) or predictors (Araújo and Luoto,
2007; Heikkinen et al., 2007; Wisz et al., 2013;
Mod et al., 2015; Meier et al., 2010) of target
species distributions. Using e.g. the occurrence
patterns of some species as predictors for oth-
ers (Mod et al., 2015), the interaction is uni-
directional, and moreover this predictor com-
petes for the explanatory power with environ-
mental covariates. Hence, the true effects of
species interactions might become masked by

the influence of the environment, as the dis-
tribution of predictor species might serve as
a surrogate for some environmental condition,
which drives the occurrence patterns of both
species in question.

One possibility is to first model the species re-
sponses to their abiotic environment, and then
look at the residual variation in the species
occurrence patterns (Ovaskainen et al., 2010a;
Sebastián-González et al., 2010). The prob-
lem with this approach is that it requires the
estimation of a large number of parameters:(
species× (

species + 1
))

/ 2. This results e.g.
for a community of 50 species in 1275 param-
eters to be estimated, and for a community
of 100 species, the corresponding number is
already 5050. This calls for efficient estima-
tion algorithms, such as mixture modelling
(Hui et al., 2013; Pledger and Arnold, 2014)
or the latent variable approach (Warton et al.,
2015a).

The JSDM methods have by definition some
parameter(s) accounting for the correlation be-
tween taxa (Warton et al., 2015a). In Chap-
ter I, in addition to comparing the general per-
formance of the different SDM frameworks,
we also compare the performance of differ-
ent ways of incorporating biotic interactions in
the JSDMs, namely methods with latent vari-
able approach (Golding and Harris, 2015; Har-
ris, 2015; Hui, 2016; Ovaskainen et al., 2017b),
and a mixture model (Hui et al., 2013). In
Chapters II-III we apply the latent variable ap-
proach introduced in Ovaskainen et al. (2016a)
and Ovaskainen et al. (2017b) to reveal resid-
ual associations between taxa after accounting
for their responses to their environmental con-
ditions. We investigate these hypotheses of
species biotic interactions in two contrasting
community contexts by studying the associa-
tions between the microbiome and parasites of
rufous mouse lemurs of Madagascar (Chapter
II); and by examining the associations within
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WIF communities in temperate beech forests
(Chapter III). In Chapter IV, we adopt a differ-
ent approach for inferring biotic interactions in
the context of a time series, and we use the oc-
currence patterns of the predecessor commu-
nity as explanatory variables for colonisations
of WIF in Central Finland (Chapter IV).

Traits

The quantification of species’ niches remains
difficult. As described above, local and re-
gional environmental conditions can be con-
sidered as filters constraining which (individ-
uals of) species with a specific set of response
traits are able to colonise, establish and persist
in a community (Keddy, 1992; Lavorel and Gar-
nier, 2002; Violle et al., 2007). These traits can
be considered as surrogates for the actual pro-
cesses governing their performance in a spe-
cific environmental context (Violle and Jiang,
2009). In order to connect these two to each
other, we need data describing both the envi-
ronmental conditions (X) as well as the trait
composition of the focal species pool (T ), along
with the occurrence patterns of the species (Y )
(Figure 4).

A set of trait data can be based on individual
measurements concerning one trait, and thus
containing both inter- and intraspecific varia-
tion. The resulting data set is a sampling units×
species matrix, which (in the context of HMSC
applications) can e.g. be used as a response
matrix instead of the matrix of species occur-
rences. By averaging over the individual mea-
surements over one or multiple traits or e.g.
gathering the data from literature, the interspe-
cific variation in trait composition of the focal
community can be described as a species×traits
matrix T (Figure 4). This enables us to model
the species responses to their environment as a
function of their traits (Chapter III, Ovaskainen
et al. (2017b)).

In Chapter III, we model the structure of WIF
communities in temperate beech forests as a
function of their environment, but also by re-
lating the community-level responses of these
fungi to their traits (Figure 4). Within the
HMSC framework (Ovaskainen et al., 2017b),
the assumption is that the regression coeffi-
cients of the model — which correlate the
species occurrences and the characteristics of
the environment — quantify the fundamental
niche of the species. This niche can be assumed
to be the similar for all species, with variation
captured by the variance-covariance matrix of
the regression coefficients, which enables bor-
rowing information among species, thus re-
sulting in better estimation for rare species
(Ovaskainen and Soininen, 2011). Moreover,
the vector of regression coefficients for all the
species can be modelled further, as a func-
tion of the traits of the species (Chapter III).
This type of approach, adopted also by e.g.
Pollock et al. (2012); Jamil et al. (2013); Brown
et al. (2014); Warton et al. (2015c) and Clark
et al. (2017), provides us a quantification of
the effects of species traits on the responses of
the same species to their environment, and a
model-based solution to the so called fourth-
corner problem of community ecological anal-
ysis (Legendre et al., 1997; Dray and Legendre,
2008).

By including trait data in the modelling frame-
work, we consider individual species occur-
rences as data points informing the model
whether a particular trait has an effect on the
mean response of all species to an environmen-
tal covariate. Since the trait compositions of
species are a result of their evolutionary his-
tory, they are constrained by their phyloge-
netic relationships, and thus they make the
species occurrences nonindependent (Li and
Ives, 2017; Blomberg et al., 2003). Including
the phylogenetic relationships of the commu-
nity in the model not only allows us to cor-
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rect this violation of model assumptions, but
also to estimate the strength of the phyloge-
netic signal in the data (Ovaskainen et al.,
2017b). As species sorting and limiting simi-
larity counteract, convergent or divergent pat-
terns can be seen in the response traits asso-
ciated with these forces, but also in the ex-
tent to which phylogenetic relationships deter-
mine the species responses to their environ-
ment (Warren et al., 2008). After accounting for
the latter, the former can be considered as evi-
dence for the adaptive nature of the focal traits
(Ovaskainen et al., 2017b).

In Chapters II and III, we include species traits
and phylogenies in the modelling of two con-
trasting communities (Figure 4). In Chapter II,
we include both the bacterial microbiota and
the parasites of the rufous mouse lemurs in
Madagascar in the same model. It is relevant
to inform the model that the responses of the
former can differ from those of the latter more
than the responses of individual taxa on aver-
age. In Chapter III, our main goal was to gain
functional understanding about the analysed
fungal communities in natural versus managed
beech forests in northern Spain, and we pur-
sued this by examining the changes in the com-
munity regarding not only species identities,
but most importantly the functional trait com-
positions of the communities.

Time series

A typical data set for a species distribution
modeller is a static snapshot of species occur-
rences based on observations. As discussed
above, the nature of the data influences the
inference and predictions that can be gained
from it (Figure 2). Mechanistic inference and
causal predictions call for experimental data.
A step towards more mechanistic direction is
to add a temporal dimension A (Figure 4). In-
stead of a snapshot, we have a series of obser-

vations from the same sampling units, which
make it possible to — depending on the time
frame — get more reliable samples of the lo-
cal community (e.g. Mackenzie et al. (2011))
and/or study its changes more mechanisti-
cally as a function of time (e.g. Hampton et al.
(2013)).

In Chapter II, we have multiple samples from
the same host individuals, and as our main in-
terest is in the biotic interactions of the bac-
terial microbiota and parasites of individual
hosts, we accounted for the temporal context
by including it as a latent random effect in our
model. This enabled us to look at the resid-
ual interaction patterns at the relevant levels,
especially at the level of individual hosts. In
addition, we included the effect of seasonality
in the model as fixed effects, to account for the
possible variation in the occurrence probabili-
ties of the microbiota and parasites due to the
sampling date. In Chapter IV, we apply a more
mechanistic approach to modelling biotic in-
teractions, as we model a time series of WIF
colonisation patterns based on an experimen-
tal resource addition as a function of not only
the environmental factors, but also the prede-
cessor community. Hence, at each time step
(from year yr 1 to yr 2, until yr a; Figure 4), the
occurrences of all other species during the pre-
vious year(s) are allowed to influence the prob-
ability of colonisation of a focal species, en-
abling us to examine the associations between
predecessor-follower-species pairs, which are
known to be common within WIF communi-
ties.

Data

In Chapter I, we utilise five data sets, contrast-
ing in their structure and origin. We consider
three of the sets as data on ecological com-
munities, as they have been sampled at spa-
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tial scales small enough for biotic interactions
to be influential: a set of 161 herb species in
Australia (Anon., 2017a); a data set of 89 tree
species from the Eastern USA (Anon., 2017b);
and a set of 245 species of plants, bryophytes
and lichens, originating from northern Nor-
way (Mod et al., 2016). The remaining two data
sets we consider as species assemblages, sam-
pled at such large spatial scales, that biotic in-
teractions are likely to be less influential: a set
of 141 bird species occurrences from Finland,
Sweden, and Norway (Lindström et al., 2015),
and a set of 50 butterfly species occurrences
from Great Britain (Asher et al., 2001).

The time series data of the parasites and bacte-
rial microbiota within free-living rufous mouse
lemurs (Microcebus rufus) used in Chapter II
was collected by T. Aivelo from the lowland to
montane rain forests of the Ranomafana Na-
tional Park in southeastern Madagascar. In
summary, mouse lemur ectoparasites were ob-
served and mouse lemur faecal samples were
collected to assess bacterial microbiota, nema-
tode, cestode and eimeriid occurrences. In ad-
dition to the brief description in Chapter II, the
sampling has been previously reported in full

detail in Aivelo et al. (2015) and Aivelo et al.
(2016).

The snapshot of a WIF community used in
Chapter III was collected by N. Abrego in 2013-
2014 from temperate beech (Fagus sylcativa)
forests in Navarre, northern Spain (Abrego
et al., 2016). Sample plots were established
on both natural and managed forest sites, and
all dead wood pieces larger than 0.2 cm in
diameter within the plots were checked and
the occurrences of all macroscopic fungi were
recorded.

The time series data set used in Chapter IV was
collected in the Leivonmäki National Park in
Central Finland. The data is based on an ar-
tificial resource pulse, generated in 2003-2004,
and starting from autumn 2004 the occurrences
of polypores were surveyed yearly until au-
tumn 2014. The dominant tree species and
consequently also the produced dead wood on
the experimental study plots was either Nor-
way spruce (Picea abies) or Scots pine (Pinus
sylvestris). The amount of dead wood was ma-
nipulated by felling either 5 or 10 m3 of trees
of the dominant species with chain saw to ei-
ther piled or evenly distributed aggregations of
dead wood.
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Results and Discussion

SDMs perform consistently well in
terms of accuracy, discrimination and
calibration

Summarising the results of previous studies
comparing SDM methods, the predictive suc-
cess of models varied both within as well as
between different frameworks, with no over-
all best method standing out in all occasions
(Table 1). The main sources of variation in the
performance of SDMs were unsurprising: the
structure of the data (Fielding et al., 1995), es-
pecially species prevalence (Leathwick et al.,
2006; Meynard and Quinn, 2007; Syphard and
Franklin, 2009; Santika, 2011; Madon et al.,
2013; Sor et al., 2017), and the strength and
shape of the dominant environmental gradi-
ent (Thuiller et al., 2003; Austin et al., 2006;
Santika and Hutchinson, 2009; Hoffman et al.,
2010; Santika, 2011).

However, previous studies have mostly been
focusing on marginal occurrence probabilities
of single species, which ignore the commu-
nity level aspects of the predictive performance
(but see D’Amen et al. (2015a)). In addition,
in studies comparing methods as well as in
model validation protocols in general, the most
popular way is to measure only one or two
aspects of performance, most often discrimi-
nation (with e.g. the area under curve, AUC),
even though there are numerous ways to mea-
sure model performance (see e.g. Peterson et al.
(2008)).

We studied the predictive performance of 27
SDM variants and ranked them based on their
overall predictive performance (Figure 5AB).
We found that HMSC (Ovaskainen et al.,
2017b) provided on average the best predic-
tive performance, followed by mistnet (Har-
ris, 2015), GNN (Crookston and Finley, 2008),
MARS (Milborrow, 2017) and BRT (Elith et al.,
2008) (Figure 5AB). By analysing a variety of
data sets that differed in quality, composi-
tion, spatial extent, and taxonomic breadth, we
provide a comprehensive comparison of both
stacked and joint SDMs.

We saw no tradeoffs between the accuracy, dis-
crimination and calibration of the models, as
the variants performed consistently well at all
three tested biological levels among these mea-
sures of performance (Figure 5D), which justi-
fies also the comparison of the models based
on overall performance (Figure 5AB). In con-
trast, this did not apply to precision — the
model variants that produced the least uncer-
tain predictions were not necessarily the best
ones regarding other aspects, especially re-
garding calibration (Figure 5D). This suggests
that the poorly performing variants might not
only predict indiscriminate, inaccurate and
uncalibrated species occurrence probabilities,
species richness and community composition,
but these predictions can also be overconfi-
dent, whereas the well-performing variants
might be less confident.
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Table 1: Recent species distribution model comparison studies (Chapter I). ’Data’ indicates whether the

studies were based on models fitted to simulated (S) and/or real, empirical data (R). ’Type’ tells the type(s)

of the models: Here SDM refers to fitting models individually to each species, and SSDM to stacked

SDMs with some underlying connections between species (regarding e.g. variable selection); JSDM to

joint SDM; and ORD refers to ordination techniques. ’Test’ indicates whether the model evaluation is

based on full interpolation (if), where the exact same data was used for training and evaluation; partial

interpolation or extrapolation (iep), where the data was divided to independent sets for training and

evaluation somehow, often randomly; and/or full extrapolation (ef), where that the data was divided

so that the data for evaluation is for sure outside the training range (not just by chance due to random

subsetting) (see also the definitions used in Chapter I).

Reference Data Type Test Methods1

Fielding et al. (1995) r SDM if, iep, ef DFA, GLM

Lek et al. (1996) r SDM if, iep MR, NN

Mastrorillo et al. (1997) r SDM if, iep ANN, DFA

Bio et al. (1998) r SDM if GAM, GLM

Franklin (1998) r SDM if CT, GAM, GLM

Manel et al. (1999) r SDM if, iep, ef GLM, NN, LDA

Vayssières et al. (2000) r SDM iep CART, GLM

Moisen and Frescino (2002) r, s SDM, SSDM iep ANN, CART, GAM, LM, MARS

Olden and Jackson (2002) r, s SDM iep ANN, CFT, GLM, LDA

Loiselle et al. (2003) r SDM iep BIOCLIM, DOMAIN, GLM, GARP

Thuiller et al. (2003) r SDM iep CART, GAM, GLM

Segurado and Araújo (2004) r SDM if CT, ENFA, GAM, GLM, Gower, NN, SI

Thuiller (2004) r SDM iep ANN, CT, GAM, GLM

Elith et al. (2006) r SDM, SSDM iep BIOCLIM, BRT, BRUTO, DOMAIN, GAM,
GARP, GDMss, GLM, LIVES, MARS, MAX-
ENT

Austin et al. (2006) s SDM if GLM, GAM

Leathwick et al. (2006) r SDM, SSDM iep GAM, MARS

Maggini et al. (2006) r SDM if, iep GAM

Pearson et al. (2006) r SDM iep ANN, CER, CGM, CT, GA, GAM, GARP,
GLM

Randin et al. (2006) r SDM iep, ef GAM, GLM

Guisan et al. (2007b) r SDM, SSDM if, iep BIOCLIM, DOMAIN, GLM, GAM, BRUTO,
MARS, BRT, GARP, GDMss, MAXENT

Guisan et al. (2007a) r SDM, SSDM iep BIOCLIM, DOMAIN, GLM, GAM, BRUTO,
MARS, BRT, GARP, BRT, MAXENT

Heikkinen et al. (2007) r SDM iep, ef GAM

Meynard and Quinn (2007) s SDM iep GLM, GAM, GAM, CART, GARP

Peterson et al. (2007) r SDM ef GARP, MAXENT

Wisz et al. (2008) r SDM, SSDM iep BIOCLIM, DOMAIN, GLM, GAM, BRUTO,
MARS, BRT, GARP, MAXENT, LIVES

Elith and Graham (2009) s SDM iep GLM, BRT, RF, MAXENT, GARP

Santika and Hutchinson (2009) s SDM iep BIOCLIM, GLM, GAM, CART

Syphard and Franklin (2009) r SDM iep GAM, GLM, CT, RF

Baselga and Araújo (2010) r SDM, SSDM iep GLM, CQO

Hoffman et al. (2010) s SDM iep GLM, GAM, MAXENT, DCM
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(Table 1 continues)

Reference Data Type Test Methods1

Santika (2011) s SDM iep GLM, GAM, CART

Wenger and Olden (2012) r SDM iep, ef ANN, GLM, RF

Bahn and McGill (2013) r SDM if, iep, ef BRT, GAM, GARP, MARS, MAXENT, RF

Hui et al. (2013) r SDM, JSDM iep GLM, SAM

Owens et al. (2013) s, r SDM iep, ef GAM, GARP, MAXENT

Madon et al. (2013) r SDM iep GLM

Miller (2014) s SDM rev2 -

D’Amen et al. (2015a) r SDM, SSDM if, iep GLM, GAM, BRT, RF (SESAM3)

Maguire et al. (2016) r ORD, SDM, SSDM iep CAO, CQO, MANN, MARS, MRT, GLM,
GAM, ANN, MARS, CART

D’Amen et al. (2017) r SDM, JSDM if GLM, GAM, BRT, Boral

Harris et al. (2017) r SDM, JSDM e4 BRT, RF, Mistnet

Sor et al. (2017) r SDM iep ANN, GLM, RF, SVM

Nieto-Lugilde et al. (2018) - ORD, SDM, SSDM,
JSDM

rev5 CLO, CQO, CAO, GDM, GF, HBM, MANN,
MARS, MRT, GLM, GAM, RF, ANN, CART

Zhang et al. (2018) s, r JSDM if, iep HMSC, Boral, Gjam, Mistnet, BayesComm

Norberg et al. r SDM, SSDM, JSDM iep, ef GLM, GAM, MRT, RF, BRT, SVM, GNN,
MARS, MVABUND, HMSC, Boral, Gjam,
Mistnet, BayesComm

1 Abbreviations for the modelling frameworks in column ’Methods’ can be found from the respective studies
indicated in the column ’Reference’. Some studies use different abbreviations for the same method, in which case
the abbreviation used in this table can differ, as one of the alternative abbreviations is used consistently.
2 A review addressing the use of spatially explicit simulated data for evaluating SDM conceptualisation and
implementation.
3 The methods were compared in the context of the SESAM framework (Guisan and Rahbek, 2011).
4 Time series data, which was splitted to independent training and validation years for hindcasting.
5 A review comparing community-level methods to their univariate counterparts.
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Sample size has been shown to affect the per-
formance of single species SDMs (Wisz et al.,
2008), but joint SDMs not as much (Zhang et al.,
2018). We saw no such pattern, as the num-
ber of sampling units explained almost no vari-
ation in the predictive performance, whereas
the data set itself explained more than one
third of the variation in the predictive perfor-
mance (Figure 5C). Also the type of predic-
tion had a major impact on the performance
of the model variants (Figure 5C), and extrap-
olation was expectedly more difficult than in-
terpolation. Nevertheless, there was variation
among the data sets regarding this difficulty.
The characteristics of the data are likely expla-
nations to the large amount of variation ex-
plained solely by the data set and prediction
type, namely species richness and prevalence
(i.e. the width and sparsity of the data ma-
trix Y ; Figure 4, (Sor et al., 2017)), the under-
lying environmental gradient (i.e. shape and
strength of the response, (Merow et al., 2014)),
as well as the spatial scale , which relates to the
aforementioned, as well as to the spatial au-
tocorrelation between the species occurrences
(Dormann, 2007).

Previous studies have shown that community-
level approaches are advantageous when the
model selection problem is particularly dif-
ficult, and especially well suited for mod-
elling rare species (Baselga and Araújo, 2010;
Ovaskainen and Soininen, 2011; Hui et al.,
2013; Madon et al., 2013; Tikhonov et al.,
2017; Zhang et al., 2018). While the inclusion
of shared responses between species and/or
modelling their residual associations did not
have a major influence on the overall predictive
performance of the models in our study (Chap-
ter I), comparing the model variants post-hoc
indicated that the model variants with shared
responses to covariates and/or accounting for
residual associations performed consistently
better than their counterparts without these
components. There are rare species in almost

all communities, and moreover they are of-
ten of primary interest, hence the ability to
make predictions for these species as well is
of importance and value (Aizen et al., 2012;
Mouillot et al., 2013). Accounting for the as-
sociations between species is valuable not only
because it results in better predictive perfor-
mance, but because the related parameters can
be interpreted as hypotheses for biotic interac-
tions (Ovaskainen et al., 2016a).

Even though the inclusion of spatial structure
in the models did not consistently contribute
to better performance among the model vari-
ants, when we compared the variants of the
best performing modelling framework HMSC,
the variant with spatial structure did result in
best performance, both with the joint and sin-
gle species version of the model. The rest of
models with a variant including spatial struc-
ture were single species models, fitted with
maximum likelihood (ML). One possible ex-
planation for these results could stem from
that the models for which the inclusion of
spatial structure was beneficial were those for
which prior information was introduced, i.e.
Bayesian methods improved when spatial ef-
fects were added, while ML methods did not.
It is possible, that the data were not infor-
mative enough for fitting species-specific spa-
tial models without any prior information, re-
sulting in modelling noise rather than sig-
nal. The spatial structure in the best per-
forming model HMSC is implemented at the
community-level, enabling spatial modelling
of sparse data (Ovaskainen et al., 2017b). The
spatial dependence of the sampling units has
both biological and statistical paradigmatic as
well as practical implications, and regardless of
its effect on the predictive performance of the
model, it should be considered to some extent
in order to correctly interpret the results of an
SDM (Diniz-Filho et al., 2003; Dormann, 2007;
D’Amen et al., 2015b).
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Figure 5: Comparison between the predictive performance of 27 SDM variants (Chapter I). Panels A

and B show the overall ranking of the model variants based on predictions for all species (A) and for

species restricted to common species (present on at least 10% of the sampling units) (B). The ranking

in panels A and B are based on the predictive performance of the models, averaged over the different

performance measures. Panel C partitions variation in predictive performance among the properties of

the data, the type of prediction, and the model variant, based on a meta-analysis. Panel D illustrates

the correlations among the different measures of predictive performance among model variants: red

colour refers to positive correlation and blue colour to negative correlation, and cases with lower than

95% posterior support for any association are shown by white. Panels C and D are based on predictions

for common species.

As an example of how the characteristics of the
data affect the performance of the models, let
us look into one performance measure for dis-
crimination, the widely used area under curve
statistic (AUC, Fawcett (2006)), in more detail,
in the context of two of the data sets: butter-
flies from Great Britain (Figure 6AC) and veg-
etation from northern Norway (Figure 6BD).

These data are contrasting in terms of the bi-
ology of the organisms, the spatial scale of the
data, as well as species richness and preva-
lence. The overall ranking of the model vari-
ants was in general robust (Figure 6CD), yet we
can see differences between the overall rank-
ing (Figure 5AB) and the ranking of the models
based on the performance with these particular

CHAPTER 4. RESULTS AND DISCUSSION 36



SUMMARY ANNA NORBERG

H
M

SC
.3

H
M

SC
.2

H
M

SC
.1

E
N

S.
B

E
ST

5
G

L
M

.5
G

L
M

.4
M

IS
T

N
.1

E
N

S.
A

L
L

G
N

N
.1

M
A

R
S.

1
B

R
T.

1
M

A
R

S.
2

SV
M

.1
M

R
T

S.
1

G
A

M
.1

G
L

M
.7

B
C

.2
B

C
.1

G
L

M
.1

G
L

M
.6

G
A

M
.2

B
O

R
A

L
.1

G
L

M
.2

G
L

M
.3

SA
M

.1
G

L
M

.8
G

L
M

.9
R

F.
1

G
JA

M
.1

0.5

0.7

0.9

H
M

SC
.3

H
M

SC
.2

H
M

SC
.1

E
N

S.
B

E
ST

5
G

L
M

.5
G

L
M

.4
M

IS
T

N
.1

E
N

S.
A

L
L

G
N

N
.1

M
A

R
S.

1
B

R
T.

1
M

A
R

S.
2

SV
M

.1
M

R
T

S.
1

G
A

M
.1

G
L

M
.7

B
C

.2
B

C
.1

G
L

M
.1

G
L

M
.6

G
A

M
.2

B
O

R
A

L
.1

G
L

M
.2

G
L

M
.3

SA
M

.1
G

L
M

.8
G

L
M

.9
R

F.
1

G
JA

M
.1

0.5

0.7

0.9

Figure 6: Comparison between the predictive performance of 27 SDM variants for two contrasting data
sets (Chapter I). Panels A and B show the ranking of the model variants for the butterfly assemblage data

from Great Britain (A), and the vegetation community data from northern Norway (B). The rankings

in panels A and B are based on the predictive performance of the models, averaged over the different

performance measures for the butterfly (A) and vegetation (B) data set separately. Panels C and D show

the raw results for species level accuracy measure (AUC, vertical axis) for the same butterfly (C) and

vegetation data sets (D). Black points indicate interpolation, grey partial extrapolation and white full

extrapolation. In C and D the model variants are organised based on their overall ranking for all species

(Figure 5A).

data sets (Figure 6AB). For the butterfly assem-
blage of 50 species with median prevalence of
0.43 and large spatial scale (largest distance be-
tween sampling units being 640 km), the very
best model is a spatial single species SDM (Fig-
ure 6A), whereas for the vegetation community
of almost five times as many species (242) with
one tenth of the median prevalence (0.042) and

much smaller spatial scale (largest distance be-
tween the sampling units being 18 km), the
top three model variants are community-level
SDMs (Figure 6B). In addition, the difficulty
in the interpolative versus extrapolative pre-
dictions differs between these two sets, as pre-
dictive performance measured with discrimi-
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nation power from extrapolation falls well be-
low that of interpolation with the butterfly
data, whereas the differences between predic-
tion types are more minor for the vegetation
data. The slight fan-shape in the results for
both data sets indicates how the differences in
predictive performance regarding prediction
types starts to increase with decreasing overall
performance.

The differences in the predictive performance
among prediction types and data sets demon-
strate the challenges of model transferability
(Wenger and Olden, 2012; Bahn and McGill,
2013; Owens et al., 2013). The possibility to ob-
tain very different predictive performance for
different types of data sets with the same mod-
elling method has direct implications to many
applications of SDMs, such as model-based
conservation planning (Loiselle et al., 2003)
and predicting the impacts of climate change
(Araújo et al., 2005; Heikkinen et al., 2006).
While the match between the assumptions of
the model and the assembly processes of the
modelled community is of utmost importance,
other factors have an influence as well, such
as the sampling effort, the overall quality of
data, and the appropriateness of the scale of
observations in relation to the biology of the
focal community. Regardless of the choice of
method, our results support the common rec-
ommendation to apply cross-validation or cor-
responding approaches to test the model un-
certainty (Owens et al., 2013; Houlahan et al.,
2017; Roberts et al., 2017), and bear in mind
the general danger of extrapolative predictions
(Everitt and Skrondal, 2010).

Even though the top ranked methods outper-
formed the others, this is not the case in all
possible SDM tasks, as we already saw from
the differences in the ranking of the models be-
tween data sets (Figure 6 and Supporting Infor-
mation for Chapter I). As a conclusion, based
on our study (Chapter I) as well as previous

ones (e.g. Segurado and Araújo (2004); Mag-
gini et al. (2006); Guisan et al. (2007b); Santika
(2011)), a specific method may work best for
a particular data set, whereas for another set
another method may work better, even if the
two sets share apparently similar characteris-
tics (James et al., 2013).

Hypotheses for biotic interactions
from intestinal and wood-inhabiting
communities

The characteristics of the host influenced the
parasite and bacterial microbiota communities
within the rufous mouse lemurs of Madagas-
car (Chapter II). The substantial effect of host
variables, especially the sex of the individual,
was in line with previous studies (conducted
in the same system by Aivelo et al. (2015);
Rafalinirina et al. (2015); Aivelo et al. (2016),
but see also Björk et al. (2018)). By quantify-
ing this environmental filtering, we were able
to study the captured signal indicating associa-
tions between taxa with affirmation that we are
indeed looking into residual correlations, that
can be viewed as hypotheses for species inter-
actions, or biotic filtering, summing up to the
realised niche of the taxa. We could see that
the inclusion of environmental variables aided
in revealing associations between and within
the parasites and bacterial microbiota. Never-
theless, the amount of stochastic variation left
unexplained was also notable.

The closely related Hymenolepis cestodes were
associated with different compositions of the
bacterial microbiota (Chapter II). The compo-
sition of the bacterial microbiota of the mouse
lemurs can influence the success of establish-
ment of these parasites through building up
the host immune defence against both coccidi-
ans and helminths (Hayes et al., 2010; Reynolds
et al., 2014). On the other hand, helminths

CHAPTER 4. RESULTS AND DISCUSSION 38



SUMMARY ANNA NORBERG

are known to secrete molecules affecting bac-
teria (Hewitson et al., 2011) and modulate the
immune responses of their hosts (Broadhurst
et al., 2012; Osborne et al., 2014), which can
result in altered composition of the gut bac-
terial microbiota, such as we observed in our
study. In a separate analysis, we saw that the
coccidian microparasite Eimeria increased the
diversity of the bacterial microbiota. Previous
observational studies have found the bacterial
community to be affected by parasite infec-
tion (Baxter et al., 2015; Kreisinger et al., 2015;
Lee, 2014; Maurice et al., 2015; Newbold et al.,
2017), and in all of the studies showing signifi-
cant changes, the effect has been positive, link-
ing parasite infections to higher bacterial diver-
sity.

Even though our results are in accordance with
some previous studies regarding the associ-
ations between cestodes and bacterial micro-
biota (McKenney et al., 2015; Kreisinger et al.,
2015), the generality of these patterns remains
to be proven. Moreover, in our study the data
of bacterial microbiota was collated at the level
of orders, hence making it possible that our
analysis masks the changes in the bacterial
composition that could be seen at finer opera-
tional scales, as opposite patterns at e.g. species
level may cancel each other out. Further exper-
imental studies are needed for conclusive evi-
dence, and our results provide excellent start-
ing points for hypotheses development.

In the context of WIF communities (Chap-
ters III-IV), the amount of stochasticity in the
assembly was major. Environmental filter-
ing was the most influential deterministic as-
sembly process, but we also captured bio-
logically meaningful biotic interactions among
species. In the temperate beech forests of
Norther Spain, we found out that after control-
ling for the effects of species abundances on
the numbers of residual association links be-
tween species, those life form groups of WIF

species that were more prevalent in natural
forests showed more associations with other
species, in comparison to the life form groups
of species that responded neutrally or benefit-
ted from forest management, than would be
expected by random (Figure 7). Within the ex-
perimentally induced polypore communities
in coniferous forests in Central Finland, we
showed that the predecessor species had an ef-
fect on the colonisation probabilities of the suc-
cessor species (Chapter IV).

The changes that forest management causes in
the communities of WIF influence the func-
tioning of the ecosystem as the interactive as-
sociations among the fungal species simplify
(Chapter III). This could be indirectly deduced
also from our community succession study
(Chapter IV). We saw that the primary colonis-
ers have an effect on the probabilities of oc-
currence of later-arriving species, and along
with several studies before, all the species re-
sponded strongly to the environmental condi-
tions of their resource units. Hence, in changed
conditions resulting from e.g. forest manage-
ment, the functioning of the ecosystem might
become altered not only through the direct ef-
fects of the local conditions, but also through
the effects the primary colonisers have on the
later-arriving species.

There are both methodological and biologi-
cal differences in the captured biotic interac-
tions in Chapters II-IV. In Chapters II and III,
the associations are quantified as in Chapter
I, i.e. residual correlations between species af-
ter accounting for the effects of environmen-
tal filtering, whereas in Chapter IV, the asso-
ciations were inferred methodologically sim-
ilarly as the effects of the environment. By
contrasting models with and without environ-
mental covariates and the effects of the pre-
decessor community, we could see that both
approaches provide to some extent alternative
or overlapping explanations to the colonisation
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Figure 7: Hypotheses for interactions between wood-inhabiting fungal species (Chapter III). Species

are shown by the dots in the circle, and pairs of linked species by the red (respectively, blue) lines if they

showed a positive (respectively, negative) association with strong statistical support. Species were sorted

according to their life forms based on fruit-body types. The life forms showing more (respectively, less)

links than expected by random (after controlling for species abundances) are indicated by a plus sign

(respectively, a minus sign).

pattern of the polypores. The residual asso-
ciations in Chapter III are based on snapshot
data of species occurrences, thus revealing pos-
itive and negative species co-occurrence pat-
terns between species inhabiting a resource
unit concurrently. In Chapter II the associa-
tions were inferred methodologically in a sim-
ilar way, but at the level of individual lemurs,
of which we had multiple samples. In Chapter
IV the associations are the influences of prede-
cessing establishments of species, included in
the model as explanatory variables.

As a community assembly study, modelling
the occurrences of parasites and microbiota

within free-ranging mammals (Chapter II) dif-
fers from sessile WIF (Chapters III-IV). Among
many other differences, the immediate envi-
ronment, i.e. the host of the parasites and
microbiota is interactive with its residents
(e.g. through immune defence), whereas dead
wood presents a more passive, abiotic resource
(but note that living trees do defend them-
selves against fungal invasions, see e.g. Stok-
land (2012)). While dead wood is expected to
follow a gradual and predictable decay pro-
cess (Stokland and Siitonen, 2012), living ru-
fous mouse lemurs with their own underlying
population and community processes offer a
dynamic living environment (see e.g. Aivelo
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(2015)), with direct implications to the inter-
pretation of the results.

Assembly of wood-inhabiting fun-
gal communities in changing habi-
tats

In line with previous studies (e.g. Hottola et al.
(2009); Nordén et al. (2013); Thorn et al. (2016)),
we could see in Chapters III-IV that environ-
mental filtering plays a big role in shaping
WIF communities. However, there is a great
amount of stochasticisty in the community as-
sembly on individual resource units that re-
mains unexplained, as seen in previous stud-
ies as well (Bässler et al., 2012; Abrego et al.,
2014). One reason for this is that both of the
studies (Chapters III-IV) are based on fruit-
body surveys instead of detecting the pres-
ences of the species as mycelia. Ecological in-
teractions among the WIF take place mainly
at the mycelia stage (Fricker et al., 2008; His-
cox et al., 2018). Fruit bodies may present
only a subset of the whole mycelial community,
and their production occurs with delay from
the formation of the mycelial biomass (Allmér
et al., 2006; Ovaskainen et al., 2010b; Kubar-
tová et al., 2012; Ovaskainen et al., 2013). Nev-
ertheless, the community recorded as fruit-
bodies has been shown to represent the domi-
nating part of the mycelial community (Kubar-
tová et al., 2012; Ovaskainen et al., 2013; Run-
nel et al., 2015), and the order of appearance of
fruit-bodies to reflect the species succession or-
der, but moreover the ecological strategy of the
species (Boddy and Hiscox, 2016).

Variable environments held distinct communi-
ties in terms of species as well as trait composi-
tions (Chapter III). As we investigated the func-
tional differences between natural and man-
aged forests in Chapter III, we saw that man-
aged forests promoted the occurrences of early

decayers and species with small fruit-bodies,
whereas natural forests hosteds late decayers
and species with large, long-lived fruit-bodies.
In addition, we detected a strong phylogenetic
signal in the species responses to their envi-
ronment, implying that there are some other
functionally important traits than the ones con-
sidered in our study, defining the niches of
the species. We concluded that changes in
the environment result in alterations in the
functional composition of the community and
hence ecosystem functions through promot-
ing or reducing species with different fruit-
body types. However, more research is nec-
essary in order to identify the complemen-
tary functional traits that would provide more
definite evidence for the adaptive nature of
the links from traits to occurrence patterns we
found.

In Chapter IV we could also provide partly al-
ternative or complementary explanations for
the occurrence patterns of the predecessing
community, suggesting some priority effects
(Fukami, 2015) taking place. It is well known
that WIF exhibit predecessor-successor rela-
tionships, making it plausible to assume that
this contingent behaviour and the interaction
with the abiotic environment would comple-
ment each other in explaining the colonisation
patterns of these organisms. However, the two
processes turned out to be more alternative
than complementary. Since the environmen-
tal conditions influence not only the primary
colonisers, but also the following species, the
predecessor-successor pair of species certainly
must share some space in their fundamen-
tal niche (Hutchinson, 1957; Violle and Jiang,
2009). Hence, the environmental filtering de-
termines to some extent both the probability
of colonisation of the predecessor as well as
the successor. Considering the succession of
the decay process, the impact of the predeces-
sor affects the resource available for the succes-
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Figure 8: Variation in the compositions among the community assembly scenario simulations sum-

marised by non-metric multidimensional scaling, shown separately for the resource units consisting of

Norway spruce (panel A) or Scots pine (panel B) (Chapter IV). The triangles indicate the first and the

squares indicate the last year of the simulated community assembly, and the lines connect the years

chronologically. The centroid locations of species that are strongly influenced by one of the primary

colonisers based on our results or previous literature are shown in the figure.

sor by decomposing the wood, and as we con-
sider the decay stage of the woody resource as
abiotic, the two processes become intertwined.
The niche modifying (Fukami, 2015) impact of
the predecessor can be a requirement for the
successor.

Deciphering and quantifying the (relative) im-
pacts of environmental filtering and priority

effects from non-manipulative observational
data is challenging. However, we found out
that the host tree species and the spatial aggre-
gation of the resource units produced largest
differences between communities (Figure 8).
After separating between the host tree species,
interestingly the most distinct difference was
on whether the resource units were spread in-
dividually or on a pile (blue scenario in Fig-
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ure 8). The species which benefited the most
of the piled scenario were Skeletocutins car-
neogrisea, a known follower of the the primary
colonisers Trichaptum sp. (Niemelä (2016);
Ovaskainen et al. (2010a) and Chapter IV), and
Antrodia serialis, which follows both Trichaptum
abietinum and Fomitopsis pinicola (Figure 8). T.
abietinum and F. pinicola are ruderal pioneer
species (Niemelä, 2016) which might benefit
from the piled resource distribution by spread-
ing aggressively, and thus inhibiting other
species from colonising, but on the other hand
possibly also making highway for their follow-
ers, and hence resulting in a distinct commu-
nity composition.

The way the tree has died has a major influence
on the WIF community development (Stokland
and Siitonen, 2012). Intentionally cut dead
wood differs from natural, which has been seen
to have an effect on the following commu-
nity development (Komonen et al., 2014; Pasa-
nen et al., 2017). Originally vigorous, inten-
tionally killed trees (such as the ones in our
study) provide a completely different resource
for the WIF community as opposed to naturally

formed dead wood. Natural dead wood typi-
cally results from slow deterioration caused by
pathogens, which can start already while the
tree is standing: heart and/or butt rot weaken
the tree, and due to e.g. stormy winds, the tree
falls (Stokland and Siitonen, 2012). This may
result in the same spatial position as with felled
trees, but in the former, the community succes-
sion and resource modification has already be-
gun as the tree hits the ground, while in the
latter the wood is an abrupt newly available
resource susceptible for colonisation. Hence,
felling as a restoration measure might give
advantage for some pioneer polypore species
(such as T. abietinum) at the expense of oth-
ers. Moreover, the dominance of one or two
primary species might result in decreased di-
versity of the following community (Similä
and Junninen, 2012) through the combined ef-
fects of changes in the environmental condi-
tions and priority effects (Fukami, 2015). En-
vironmental conditions can strongly influence
the likelihood for priority effects to take place
(Fukami et al., 2016), which calls for experi-
mental work for investigating the aforemen-
tioned.
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Synthesis and Perspectives

“Some of the most challenging
questions in ecology concern
communities” Sutherland et al. (2013)

Regardless of the ever-increasing collection of
studies demonstrating the non-randomness of
species distributions as well as identifying the
key abiotic and biotic interactions, some of the
most fundamental questions in ecology remain
unanswered. The manifold and complex na-
ture of ecological processes makes it difficult to
provide all-inclusive evidence, but as famously
said by Lawton (1999), there are general laws
in ecology — just rather few of them are uni-
versal. The world’s astonishingly diverse en-
vironments host distinct communities of or-
ganisms, contingent on their history (Lawton,
1999; Fukami, 2015).

The results of this thesis demonstrate the dif-
ficulty in deciphering ecological rules that
would deterministically guide the way species
interact with each other and their environment.
In each chapter a substantial amount of vari-
ation in the data was left unexplained, high-
lighting the stochasticity in the observed pat-
terns of community compositions we aimed to
explain. As we compared the methods avail-
able and generally used for predictive mod-
elling of species distributions, we could see
that the greatest source of variation stemmed
from the data set, demonstrating their idiosyn-
crasy. The inherent stochasticity and contin-
gency of natural phenomena results in great

challenges for capturing signal with any correl-
ative method.

While a perfect method for ecological mod-
elling would be both realistic and general as
well as precise, one attribute typically needs
to be sacrificed (Levins, 1966; Korzukhin et al.,
1996; Guisan and Zimmermann, 2000; Li and
Wang, 2013). Most widely applied SDMs are
correlative empirical models prioritising real-
ity and precision, such as all the models ap-
plied in this thesis. With these methods we
are limited to deriving process from the ob-
served pattern. One of the problems with this
is the lack of causality: a pattern does not in
fact entail process (Lawton, 1999). We can ob-
serve the same community composition gen-
erated by different assembly processes, and
vice versa, the same assembly processes can re-
sult in distinct patterns, contingent on the con-
text.

But perhaps causal understanding might not
be superior in all instances (Godsoe, 2010).
One might ask e.g. is it more relevant and valu-
able in practice to know that some WIF species
do and some do not occur in managed forests,
or have detailed knowledge on the conditions
forest management bring about and cause this
pattern? From the perspective of understand-
ing the fundamentals of the biology of the
species the latter is of course relevant, but in
order to say that forest management results in
loss of certain species, not necessarily (see e.g.
Breiman (2001)).
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Joint species distribution models provide new
tools to alleviate the lack of causality in correl-
ative models. Bringing more mechanistic un-
derstanding to community assembly has been
sought from the fourth corner (Legendre et al.,
1997; Dray and Legendre, 2008), i.e. introduc-
ing species traits. The niche of a species can
ultimately be expressed through its functional
traits, as the responses and effects of species
on its environment describe its role in a com-
munity (Elton, 1927). In addition, the incorpo-
ration of species associations in the modelling
framework brings more depth to the analy-
sis, since it is hardly likely, that there would
be no interaction between species on top of
their (possible shared) responses to their en-
vironment. These new approaches help also
in bringing us towards bridge-building be-
tween community- and ecosystem-level ecol-
ogy (Sutherland et al., 2013).

Understanding how the composition of a com-
munity influences ecosystem-level processes
helps in understanding ecosystem resilience
to environmental changes (Sutherland et al.,
2013). We (Chapters III-IV) and others (pre-
vious studies cited within the Chapters) have
shown how the fungal decomposer commu-
nities of forest ecosystems are highly depen-
dent on the characteristics of their substrate.
Changes in their environment due to forest
management has led to different community
composition in terms of both species identi-
ties as well as their functional traits. More-
over, we also showed how there are non-
random co-occurrence patterns in both space

and time, plausibly attributable to biotic inter-
actions. Contrastingly to plants, it has been
suggested, that there is no functional redun-
dancy in fungal communities (Dickie et al.,
2012). Being the main decomposers of wood,
WIF are crucial for e.g. the carbon cycle of for-
est ecosystems, making it justified to believe
that the changes in the fungal community com-
position can have major ecosystem-level conse-
quences.

We are conducting a complex global experi-
ment called human land use (Defries et al.,
2004). Even though the way land is being
utilised varies from e.g. local, small-scale agri-
culture to global, massive-scale industry, the
motivation and outcome are the same — the
increasing human need for natural resources
results in degradation of our living environ-
ment (Foley et al., 2005). Changes in World’s
ecosystems are all-encompassing (Ostrom and
Moran, 2005), ranging from terrestrial (Hooper
et al., 2005) to freshwater (Dudgeon et al., 2006)
and marine (Lotze et al., 2008; Dulvy et al.,
2003; Worm et al., 2006) systems.

Understanding and predicting ecological phe-
nomena is no longer possible without observ-
ing them in the light of the Anthropocene (El-
lis, 2015). Human impact generates crucial
questions, ranging from local, small scale prob-
lems, such as local extinctions and habitat de-
generation, to global scale questions, such as
the impacts of biodiversity loss and climate
change (Sutherland et al., 2013). Answering
these ecological questions with predictive re-
liability is of utmost importance.
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Aivelo, T., Medlar, A., Löytynoja, A., Laakkonen, J.,
and Jernvall, J. 2015. Tracking year-to-year changes
in intestinal nematode communities of rufous mouse
lemurs (Microcebus rufus). Parasitology, 142(8), 1095–
1107.

Aizen, M. A., Sabatino, M., and Tylianakis, J. M. 2012.
Specialization and Rarity Predict Nonrandom Loss
of Interactions from Mutualist Networks. Science,
355(March), 1486–1489.

Allen, T. F. H. and Starr, T. B. 2017a. Hierarchy: Per-
spectives fo Ecological Complexity. The University of
Chicago Press, Chicago, 2nd edn.

Allen, T. F. H. and Starr, T. B. 2017b. Identifying the Scale
in Community Ecology. In Hierarchy: Perspectives for
Ecological Complexity, chap. 9, pp. 217–239. University
of Chicago Press, Chicago, 2nd edn.

Allen, T. F. H. and Starr, T. B. 2017c. Scales and Fil-
ters. In Hierarchy: Perspectives for Ecological Complex-
ity, chap. 3, pp. 68–82. University of Chicago Press,
Chicago, 2nd edn.

Allmér, J., Vasiliauskas, R., Ihrmark, K., Stenlid, J., and
Dahlberg, A. 2006. Wood-inhabiting fungal commu-
nities in woody debris of Norway spruce (Picea abies
(L.) Karst.), as reflected by sporocarps, mycelial isola-
tions and T-RFLP identification. FEMS Microbiology
Ecology, 55(1), 57–67.

Anon. 2017a. Atlas of Living Australia
(http://www.ala.org.au).

Anon. 2017b. USDA Forest Inventory and Analysis
(http://fia.fs.fed.us/).
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Araújo, M. B. and Luoto, M. 2007. The importance of
biotic interactions for modelling species distributions
under climate change. Global Ecology and Biogeography,
16(6), 743–753.
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C., Holzer, H., and Pouska, V. 2012. Diversity
of wood-decaying fungi under different disturbance
regimes - a case study from spruce mountain forests.
Biodiversity and Conservation, 21(1), 33–49.

Baxter, N. T., Wan, J. J., Schubert, A. M., Jenior, M. L., My-
ers, P., and Schloss, P. D. 2015. Intra- and interindivid-
ual variations mask interspecies variation in the mi-
crobiota of sympatric Peromyscus populations. Ap-
plied and Environmental Microbiology, 81(1), 396–404.

Begon, M., Harper, J., and Townsend, C. 2006. Ecology:
from Individuals to ecosystems. Blackwell Publishing
Ltd, Boston, MA, 4th edn.

Belyea, L. R. and Lancaster, J. 1999. Assembly Rules
within a Contingent Ecology. Oikos, 86(3), 402–416.

Bio, A. M. F., Alkemende, R., and Barendregt, A. 1998.
Determining alternative models for vegetation re-
sponse analysis: a non-parametric approach. Journal
of Vegetation Science, 9(1993), 5–16.

Björk, J. R., Hui, F. K. C., Hara, R. B. O., and Montoya,
J. M. 2018. Uncovering the drivers of host-associated
microbiota with joint species distribution modeling.
bioXive.

Blomberg, S. P., Garland, T. J., and Ives, A. R. 2003. Test-
ing for phylogenetic signal in comparative data: be-
havioral traits are more labile. Evolution, 57(4), 717–
745.

Boddy, L. and Hiscox, J. 2016. Fungal Ecology: Principles
and Mechanisms of Colonization and Competition by
Saprotrophic Fungi. Microbiology Spectrum, 4(6), 1–16.

Breiman, L. 2001. Statistical Modeling: The Two Cul-
tures. Statistical Science, 16(3), 199–231.

Broadhurst, M., Leung, J., Lim, K., Girgis, N., Gun-
dra, U., Fallon, P., Premenko-Lanier, M., McKerrow,
J., McCune, J., and Loke, P. 2012. Upregulation of
Retinal Dehydrogenase 2 in Alternatively Activated
Macrophages during Retinoid-dependent Type-2 Im-
munity to Helminth Infection in Mice. PLoS Pathogens,
8(8), 1–14.

Brotons, L., Thuiller, W., Araújo, M. B., and Hirzel, A. H.
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Thuiller, W., and Sykes, M. T. 2006. Methods and un-
certainties in bioclimatic envelope modelling under
climate change. Progress in Physical Geography, 30(6),
751–777.

Heikkinen, R. K., Luoto, M., Virkkala, R., Pearson,
R. G., and Körber, J.-H. 2007. Biotic interactions im-
prove prediction of boreal bird distributions at macro-
scales. Global Ecology and Biogeography, 16(6), 754–763.

Heikkinen, R. K., Marmion, M., and Luoto, M. 2012.
Does the interpolation accuracy of species distribu-
tion models come at the expense of transferability?
Ecography, 35(3), 276–288.

Hewitson, J. P., Harcus, Y., Murray, J., van Agtmaal, M.,
Filbey, K. J., Grainger, J. R., Bridgett, J., Blaxter, M. L.,
Ashton, P. D., Ashford, D. A., Curwen, R. S., Wilson,
A., Dowle, A. A., and Maizels, R. M. 2011. Proteomic
analysis of secretory products from the model gas-
trointestinal nematode Heligmosomoides polygyrus
reveals dominance of Venom Allergen-Like (VAL)
proteins. Journal of Proteomics, 74(9), 1573–1594.

Hiscox, J., Leary, J. O., and Boddy, L. 2018. Fungus wars:
basidiomycete battles in wood decay. Studies in My-
cology, 89, 117–124.

Hoffman, J. D., Aguilar-Amuchastegui, N., and Tyre,
A. J. 2010. Use of simulated data from a process-
based habitat model to evaluate methods for predict-
ing species occurrence. Ecography, 33(4), 656–666.

Hooper, D. U., Chapin, F. S., Ewel, J. J., Hector, A., In-
chausti, P., Lavorel, S., Lawton, J. H., Lodge, D. M.,
Loreau, M., Naeem, S., Schmid, B., Setälä, H., Sym-
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