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1. Introduction

1.1. Causal mechanisms determining geographic distribution of species

The causes of the geographic distribution of species have intrigued humans for
centuries. The early Ionian philosophers, especially Theophrastus (from about 370 BC
to 285 BC), were the first to observe systematically relationships governing plant
geography (Woodward 1987). Theophrastus was keenly aware of climatic factors being
the forcing driver behind plant species distribution. His ideas were not, however,
developed further until 19th century. For Example Carl von Linné, often cited as the
founding father of modern taxonomy, thought that modern floral and faunal
assemblages reflect the areas to which species had migrated from Mount Ararat, where
the Noah’s Ark had landed (Cox & Moore 2005).
The development and initial verification of the theory of plate tectonics in the 19 th and
20th century removed the final obstacles from the development of modern
biogeography, and also gave final support for the theory of evolution. The species’
distributions were found to depend on the physical, abiotic characteristics of the
environment, the presence or absence of other species, and on the earlier historical
distribution (Cox & Moore 2005). Plate tectonics, historical climatic changes,
evolutionary processes and the periods of glaciations have all influenced historical
distributions.
Abiotic environment restricts species’ distribution in many ways. Common limiting
factors include temperature, light and moisture availability, but ultimately factors are
always species-specific (Marshall 1978, Wever et al. 2001). All species have optimal
environmental range that is often defined by interaction of multiple factors (Warburg
1968). Inside this range a species has a relative competitive advantage, whereas outside
their fitness is decreased by suboptimal environment (Gaston & Spicer 2001). Outside
the optimum a species is often competitively inferior to other species that are better
adapted to these conditions, and are thus easily outcompeted or subjected to predation.
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Often species are not found inside the entire range of habitats they could be found in
(Connell 1961, Silander & Antonovics 1982).
This kind of conceptualization in modern biogeography is very similar to the idea of
ecological niche that was popularized in the 1950s by G. Evelyn Hutchinson
(Hutchinson 1957, in article Guisan & Thuiller 2005). Hutchinson defined niche as an
n-dimensional hypervolume, n referring to different environmental factors that define
the ecological space in which a species can thrive. In nature, species are nevertheless
found in only a fraction of this environmental space because the effects of interspecific
competition, other biological interactions, dispersal barriers and earlier history.
Hutchinson titled the former fundamental niche and the latter realized niche. More
recently, conceptualization has been developed into two distinct types of niche that
operate on different spatial scales: “Grinnelian” niche describing the environmental
factors affecting geographic distribution on large spatial scale and “Eltonian” niche
representing dynamic and complex biological interactions occurring on small spatial
scale (Pearson & Dawson 2003, Soberón 2007).
Observed distributions of species are thus inherently influenced by biotic interactions.
Interspecific competition can limit the distribution, and on the other hand through
mutualism species can thrive in or spread to a habitat where they would otherwise be
excluded from (Bascompte & Jordano 2007). Effects of predation and parasitism on
geographic distribution are not completely understood, but it has been proposed that
predation might expand the realized niche of a species by reducing interspecific
competition, if predation is targeted at competing species and predator is switching prey
with decreasing abundances (Lyon et al. 1983, Begon et al. 1996). However, often no
final agreement about the ultimate causes limiting natural distributions can be found.

1.2. Factors governing forest species distribution in Europe

Forests are key terrestrial ecosystems, and contain a large fraction of terrestrial
biodiversity (Gurewitch et al. 2006). They also provide human societies important
ecosystem services (e.g. Thomas et al. 2008). In Europe, forests are widely distributed:
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although being historically cleared for agriculture, they still cover 32 per cent of the
European land area (Forest Europe 2011). Trees are most significant primary producers
in forest ecosystems, and also keystone species that regulate ecosystem structure and
functioning (Ellison et al. 2005).
Forests are plant communities composed of individual species under strong climatic
control (Woodward 1987). Since individual species respond to climatic factors in
different ways depending on their climatic tolerances and dispersal abilities, plant
communities should be seen as temporally fluctuating entities (Davis 1981, Cox &
Moore 2005). Geographic ranges of individual species depend on current and historical
climate, historical range and ongoing interactions with other species (Davis 1981,
Svenning & Skov 2004).
To be found in certain area, a species must have colonized the habitat at some earlier
stage. Svenning & Skov (2004) found that the majority of European tree species are
present only in less than half of their climatically suitable range. They interpreted this to
be caused by the different locations of glacial refugia and alignment of mountain ranges
in Central Europe, forming obstacles for dispersal.
Length of the growing season and duration and intensity of the cold period are key
factors determining geographic ranges of European plant species (Woodward 1987). A
too short growing period will inhibit either flowering or seed maturation. The length of
the growing season is the main component determining the location of transition zone
between boreal and hemiboreal vegetation zones in Europe (Woodward 1987).
Insufficient length of the cold period limits southern distribution of many boreal tree
species (Woodward 1987). The western and southern European distribution of spruce
(Picea abies (L.) Karst.) is limited by high winter temperatures (Sykes & Prentice
1996). On the other hand, very low winter temperatures are a strong stress factor for
plants, exposing them to direct frost damage and drought with the formation of
extracellular ice (Woodward 1987). The eastern distribution of many European plants is
controlled by the minimum winter temperatures (Prentice & Helmisaari 1991, in article
Sykes & Prentice 1996). Other factors governing European tree species distributions are
continental or maritime climates and their characteristic annual temperature fluctuations
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(Woodward 1987) or limited moisture availability during the growing season, especially
in the Mediterranean area (Padilla & Pugnaire 2007).

1.3. The predicted climate change in Europe

Increasing atmospheric greenhouse gas concentrations have been predicted to cause
large changes in annual and seasonal temperatures in Europe. Predicted temperature
increases are greatest in land-areas of high northern latitudes (Solomon et al. 2007). The
mean annual temperature has been predicted to rise, increase being greatest in Northern
Europe in winter (DJF) and in Southern Europe and Mediterranean basin in summer
(JJA) (Räisänen et al. 2004, Giorgi et al. 2004). Especially high summer temperatures
are predicted to occur in southwest Europe, Southern France experiencing a summer
temperature increase of 10 ° C during 2071-2100 with emission scenario A2 (Räisänen
et al. 2004). Annual mean temperature increase of 2071-2100 compared to 1961-1990
has been predicted to be within 2.5 ° C – 4.0 ° C (van der Linden & Mitchell 2009).
Recurrence of extreme warm events has been predicted to become reduced from 20
years to 1-2 years (Nikulin et al. 2011).
Summer precipitation has been predicted to decrease especially in Southern Europe, and
increase moderately in Northern Europe (Giorgi et al. 2004, Tapiador 2010). Winter
precipitation will increase in Northern and Central Europe (Räisänen et al. 2004,
Tapiador 2010). Extreme precipitation events have also been predicted to be more
frequent in the future (Nikulin et al. 2011). Snow cover will decrease in Northern
Europe (Giorgi et al. 2004). Soil water content will also decrease all over Europe
despite of increased precipitation in some areas. This is caused by increased
evapotranspiration and decreased deep-soil water content (Giorgi et al. 2004).

1.4. Climate change – a threat to biodiversity

Climate change is one of the greatest global threats to biodiversity (Thomas et al.2004,
Thuiller et al. 2005, Jetz et al. 2007, Bellard et al. 2012,). It has been predicted to cause
6

wide range of responses in different species groups, including extinctions (Thomas et al.
2004), changes in phenology and evolutionary speed (Jump & Penüelas 2005) and range
shifts (Morin et al. 2008, Thuiller et al. 2008, Virkkala et al. 2010).
Range shifts have already been observed in both terrestrial and marine ecosystems
(Walther et al. 2002). In their large review, Camille Parmesan and Gary Yohe (2003)
found that geographical ranges of butterflies and birds had shifted towards the poles on
average 6.1 kilometers per decade, and that ranges of arctic and boreal species had
contracted. Chen et al. (2011) found that distributions of terrestrial species have recently
shifted polewards at median rate of 16.9 km per decade. Devictor et al. (2012) found
bird and butterfly communities lagging 212 and 135 km behind the changes in
respective climatic factors despite rapid range shifts, implying increasing climatic debt
despite fairly good dispersal abilities of these species groups. In the Arctic, tree lines
have advanced higher during the 20th century and with accelerating speed after the
1980s (Kullmann 2002). Lowland plant communities have been observed to lag behind
observed climate warming (Bertrand et al. 2011). Holocene pollen records from lake
sediment cores support the idea of shifting plant communities with climatic changes
(Cox & Moore 2005, Davis 1981), thus supporting observed range shifts.
Global terrestrial vegetation has been predicted to change dramatically in warmer
climate (Thuiller et al. 2005, Thomas et al. 2008, Dullinger et al. 2012). Plant species
have heterogeneous responses for climate. Different responses cause differences in
relative fitness, thus possibly resulting in entirely novel plant assemblages (Jump &
Penüelas 2005).
Plant species with short generation time have adaptive and evolutionary advantage
compared to species with long life span and long generation time. Climate change
favours ecologically opportunistic species that have good dispersal abilities, since these
are more capable of tracking the shifting climatic range. Anthropogenic habitat
fragmentation poses a serious additional threat to biodiversity, since the dispersal
possibilities of fragmented populations will be limited (Opdam & Wascher 2004,
Thomas et al. 2004, Thuiller et al. 2008). This can lead to decreased ability of these
populations to resist further environmental perturbations (Jump & Penüelas 2005). The
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effects of climate change for biodiversity will probably be greater in areas suffering
from heavy habitat fragmentation, such as Europe.
Biological interactions through food webs have been observed to be a key factor in
mediating impacts of climate change on biodiversity (Cahill et al. 2013). As trees are
the cornerstones of terrestrial food webs, accounting for majority of terrestrial primary
production, assessing the impacts of climate change on tree species is crucial for
understanding the consequences climate change may have on terrestrial ecosystems. A
realistic view of expected responses of ecosystems is essential in evaluating effective
adaptation strategies and policies.

1.5. Modeling the impacts of climate change to biodiversity

The approaches for modeling climate change impacts on species’ distributions can be
classified in two broad categories: statistical models and mechanistic models (discussed
e.g. in Kramer et al. 2012). Statistical models, often referred to as bioclimatic envelope
models or species distribution models, build a statistical relationship between observed
geographical distribution and climatic (or other) environmental variables (Guisan &
Zimmermann 2000, Pearson & Dawson 2003, Elith & Leathwick 2009). Mechanistic
models incorporate detailed description of physiological processes that define species’
ranges and often model competitive interactions (e.g. Smith et al. 2001, Kearney et al.
2010). These two approaches are discussed below in detail.

1.5.1. Statistical models

During the last decade, developments in geographic information systems and modeling
have led to an explosion in the number of studies utilizing bioclimatic envelope models
(hereafter BEMs) (Guisan & Thuiller 2005, Elith & Leathwick 2009). BEMs are
relatively straightforward to implement, and large-scale datasets for present and future
climates and species distributions are more readily available, contrary to mechanistic
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models, which require detailed input data and exact knowledge about biology of the
species.
Species distribution models rely on the assumption that on the scale of interest, the
species’ distributions are determined by environmental factors. A key underlying
assumption of BEMs is that climate is the key factor governing species’ distributions. A
statistical model is fitted to describe the relationship between climate data and observed
distribution of species, and can be used to project to future or other geographic areas.
A significant component in the ecological theory behind BEMs is the niche concept
discussed earlier. In literature, continental scale distributions are often thought to
represent a Hutchinsonian fundamental niche that is governed by climatic and other
environmental factors (Guisan & Thuiller 2005). Since biological interactions are
always affecting the observed ranges, the validity of this assumption has been fiercely
debated (Pearson & Dawson 2003, Guisan & Thuiller 2005). Some studies have
supported the effect of biological interactions for macro-scale distributions of species
(e.g. Araújo & Luoto 2007).
Clarification of niche concept has been proposed as solution to problems described
above, since some studies interpret the niche modeled by BEMs to reflect the
fundamental niche and some the realized niche, thus including biotic interactions
(Kearney & Porter 2004, Araújo & Guisan 2006, Kearney 2006, Soberón 2007). This
has raised some disputes about what kind of relationships the models actually take into
account and how the results should be interpreted (Guisan & Thuiller 2005).
Although BEMs are widely used, especially the future projections have been pointed
out to have many uncertainties (Guisan & Thuiller 2005, Araújo & Guisan 2006,
Buisson et al. 2010). Assumption of climatic equilibrium is used quite freely, referring
to situation where species’ distribution is governed only by climate. It is often, however,
difficult to determine the actual limiting factors. If observed distribution is constrained
by other than climatic factors, such as relict populations (Pearson & Dawson 2003) or
dispersal limitation (Svenning & Skov 2004), extrapolating models into future based on
climate data produces unreliable predictions. Many studies utilizing BEMs do not
incorporate biological interactions (but see Meier et al. 2010), population dynamics,
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dispersal or land-use changes, which is considered problematic with extrapolation
(Thuiller et al. 2008, Elith & Leathwick 2009).
Methodological uncertainty in bioclimatic envelope modeling originates from biases in
input data (Araújo & Guisan 2006), model and variable selection (Guisan & Thuiller
2005, Elith & Graham 2009), and uncertainties in climate change predictions, relating
either to realized greenhouse gas emissions or model resolution (Guisan & Thuiller
2005, Buisson et al. 2010). It would seem that largest source of uncertainty is the choice
of modeling method (Buisson et al. 2010, Garcia et al. 2012), but there is no universal
method for model selection (Araújo & Guisan 2006, Elith & Graham 2009). Modeling
methods often used include e.g. different regression and discriminant methods, artificial
neural networks and envelopes of climatic surfaces (Pearson et al. 2006, Heikkinen et
al. 2007, also see Info Box 1 for more detailed descriptions). Input data can also be
treated in different ways including using only presences, or both presences and
absences, or, if modeling highly motile species, generating artificial absences in the data
(Guisan & Thuiller 2005).
Validation of future predictions is also impossible, but attempts have been made to
validate models with making backward projections in time (hind-casting) and using the
historical observations in model validation (Martínez-Meyer & Peterson 2006), or using
independent sets of observations covering few decades (Araújo et al. 2005b), however,
this kind of data is often not available.
A traditional approach in model selection has been selecting a model that has good
predictive performance with current data, usually referring to observations that are used
to build the model. Different modeling methods have been shown to produce widely
ranging future projections regardless of their predictive abilities in current conditions
(Araújo & New 2007). Using ensemble of models and building consensus of their
projections to reduce inter-model variability has been proposed as a way to produce
more robust predictions (Araújo & New 2007, Buisson et al. 2010). Building ensemble
of models also allows better ways for quantifying and addressing uncertainties of model
projections (Araújo & New 2007).
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1.5.2. Dynamic models

Dynamic species distribution models refer to process-based models, which include
detailed description of ecophysiological processes that limit species’ distributions. The
models include calculations and experimentally derived information about how climatic
conditions affect the mass and energy balances of an organism (Porter et al. 2002), and
are often based on morphology, life-history or thermal balance (Buckley 2008).
Mechanistic models may be used to assess the fundamental Hutchinsonian niche
(Kearney et al. 2008), or to include biotic interactions, as often with vegetation
modeling (Smith et al. 2001).
Evolutionary processes, adaptation capacity and population dynamics can be included in
the modeling framework (Buckley 2008, Kearney et al. 2009), and thus they offer a
promising method to assess the responses that species could have to changing climatic
conditions (Peck et al. 2009). Mechanistic models may be especially useful in modeling
invasive species with expanding geographic ranges that are thus unfit for statistical
modeling (Kearney et al. 2008, Elith et al. 2010).
Mechanistic approach of plant species’ range modeling is based on global dynamic
vegetation models (DGVMs). The models are called dynamic because they model
processes that are time-dependent. These models are often parameterized for plant
functional types (PFTs), which represent groups of functionally similar species that
have specific bioclimatic ranges and competitive abilities (discussed in Kramer et al.
2012). DGVMs are used to estimate vegetation responses to climate change, carbon and
nutrient fluxes and to couple regional or global circulation models with vegetation
dynamics (Peng 2000).
The latest generation of DGVMs incorporate representations of detailed ecosystem
processes such as such as carbon accumulation, hydrology and nutrient fluxes (Kramer
et al. 2012, Smith et al. 2001). Often these are modeled as physiological processes
occurring in an average individual or a cohort of PFTs. If individuals are modeled on
regional or continental scale, they require excess of computational resources (Smith et
al. 2001). DGVMs usually also model the effects of direct CO2 fertilization and soil
dynamics.
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Each PFT is parameterized with bioclimatic variables describing the environmental
space in which it can survive. Common bioclimatic variables used in DGVMs represent
tolerance to winter cold, chilling requirement and drought tolerance (Kramer et al.
2012). Length of the growing season, expressed as growing degree days (GDD5) is also
often used (Sitch et al. 2003, Hickler et al. 2012).
Since mechanistic approach includes representations of physiological processes related
to geographic distribution, they can be considered biologically more realistic than
statistical distribution models. However, the need to explicitly parameterize each PFT
for competitive and bioclimatic traits has imposed a limitation to use DGVMs for all
plant types and climatic indices, since data of these is not widely available (Peng 2000).
Thus use of PFTs reflects a trade-off between model complexity and usability.
Since DGVMs model species as functional types, they cannot address species diversity
in an ecosystem. Species diversity can nevertheless have important important
implications for ecosystem resilience (Quillet et al. 2010). Use of PFTs in modeling
competition processes has also been criticized (Quillet et al. 2010), since in nature
competition is nonlinear and occurs between heterogenic individuals of specific species,
instead of averaged PFTs. DGVMs have also been criticized for uncertainties in
modeling nutrient cycles, and that they do not include anthropogenic disturbances
(Quillet et al. 2010).
Bioclimatic parameters for PFTs are preferably derived from empirical studies (Hickler
et al. 2012), however, for many species this kind of data is not available. A common
approach in these cases is to derive bioclimatic limits from observed ranges of species,
which can lead to similar problems with observed range and climate discussed with
statistical models (Kramer et al. 2012).

1.6. Comparison of statistical and mechanistic models in literature

Few studies have compared the predictive performance of statistical and mechanistic
models in the literature. Kearney et al. (2010) compared these two methods in
predicting marsupial species range in current and future climate in Australia, and found
12

the two methods to produce congruent predictions in current and future conditions.
Robertson et al. (2003) tested the performance of mechanistic model against two
statistical models in predicting distribution of a coastal dune plant in South Africa, and
concluded that statistical models could perform as well or better than mechanistic
models.
Yates et al. (2000) compared correlative Holdridge Life Zone model (Holdridge 1947)
and three mechanistic models in predicting potential natural vegetation of the U.S., and
found mechanistic models to perform superior. However, the Holdridge Life Zone
model, originally presented in the 1940s, cannot be viewed as a state-of-the art species
distribution model.
Finally, Kramer et al. (2012) compared European predictions of ensemble of statistical
models and a dynamic global vegetation model for future ranges of Fagus sylvatica (L.)
and found the two methods to produce similar predictions but for totally different
reasons.
Besides Kramer et al. (2012), who compared only one species, there has not been a
systematic attempt to address the predictive abilities of these two methods in assessing
plant species’ climatic range shifts.

1.7. The aim of the study

The aim of this study is to investigate the effects of climate change on common tree
species ranges in Europe and in Scandinavia, and to find out whether two commonly
used modeling strategies, mechanistic and statistical models, produce similar estimates
of future ranges.
To address these questions, I first built statistical models (bioclimatic envelope models)
for five common European trees: Pedunculate Oak (Quercus robur, L.), Common Hazel
(Corylus avellana L.), European Beech (Fagus sylvatica, L.), Scots Pine (Pinus
sylvestris, L.) and Norway Spruce (Picea abies (L.) H. Karst.). All species are widely
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distributed and characteristic species in their ecosystems (Jalas 1965), and thus their
possible range shifts would indicate larger shifts in ecosystem structure and function.
I then compare the projections produced with the statistical models to outputs of
mechanistic models, a tree species-parameterized dynamic global vegetation model
LPJ-GUESS, obtained from another study (Hickler et al. 2012).
The statistical model predictions are compared with mechanistic model results for entire
European distributions, while the statistical model predictions for Scandinavian area are
examined in further detail.

2. Materials and methods

2.1. General outline of the study

Bioclimatic models were built first with current climatic data and observed ranges of the
species, derived from Atlas Florae Europaeae, hereafter AFE (Jalas & Suominen (ed.)
1973). These models were titled BEM AFEs (see Figure 1 below).
The future ranges of the study species were projected for 2021-2050 in Scandinavia
using predictions of a regional climate model, to assess the potential range shifts and
statistical model uncertainties in Scandinavian area.
The future distributions for entire Europe were projected for 2041-2050 and 2071-2080
sing predictions of a global circulation model.
All future climate data sets used in this study described potential future with SRES
emission scenario A2 (Nakicenovic et al. 2000). Scenario A2 predicts increasing global
population and heterogonous regional development, however resulting in overall lower
greenhouse gas emissions than A1 scenario family, and higher than B1 or B2 families
(Nakicenovic et al. 2000).
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To see, whether the possible differences between statistical and dynamic models were
caused by distribution data used in building the BEMs, a second set of BEMs (hereafter
BEM LPJ) was built using LPJ-GUESS predicted current distribution, representing
potential natural distribution of the species without anthropogenic influence. The future
projected ranges of the study species were then compared with LPJ-GUESS predictions
(see Figure 1 below).

Figure 1. Work flow chart of the study.
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2.2. The study species

Quercus robur
The pedunculate oak is a long-lived deciduous tree of intermediate height (Lagerberg
1938). Oak is an important keystone species, asespecially the old individuals are often
hollow and contain large amounts of decayed wood, supporting diverse insect fauna and
offering habitats for many endangered species (Berg et al. 1994, Paltto et al. 2010). Oak
comes into leaf relatively late in the spring, and sparse foliage enables existence of
diverse understorey flora (Jalas 1965).
Oak flowers simultaneously when it comes to leaf, and mast years occur in Finland with
five to seven years intervals. Fruits (nuts) are dispersed by rodents and birds. Oak is
vulnerable to spring frosts (Lagerberg 1938). Seedlings can withstand moderate shading
and drought, and are thus relatively easily established (Löf 2000).
Oak has been subject to heavy cultural use: as a hard tree, oak forests have been cut
down for resources in ship-building. Nuts have also been important food source for
domestic animals, especially pigs (Lindbladh & Foster 2010).
Corylus avellana
The common hazel is large, shade-tolerant understorey shrub with multiple trunks
(Landolt 1977, in article Kull & Niinemets 1993). An individual trunk is not long-lived,
contrary to the whole organism. Hazel flowers early in the spring, before coming into
leaf. Flowers containing stamens develop in previous year and start flowering in late
winter (Jalas 1965), and eventually mature into nuts that are dispersed by rodents and
birds (Lagerberg 1938).
The common hazel is susceptible to spring and wintertime frosts (Jalas 1965). During
the warm Atlantic period, the Finnish distribution of hazel extended considerably
northward compared to current distribution (Lagerberg 1938). In the northern parts of
the European distribution hazel suffers from competition by Spruce (Jalas 1965).
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Fagus sylvatica
Beech is clearly a maritime species, requiring mild winters and moist summers, and thus
being absent in highly continental regions of Eurasia (Giesecke et al. 2007) . It is
sensitive to spring frosts, which can sometimes obliterate entire beech groves
(Lagerberg 1938). Beech flowers periodically: after a mast year with substantial
flowering follows several years with limited or nonexistent flowering and seed
production (Lagerberg 1938). Flowers mature into nuts, which are consumed and
dispersed by animals. Exposure to cold may prevent the seed ripening (Lagerberg
1938).
Beech is a superior competitor in temperate forest, surviving in low light conditions and
eventually producing a dense foliage that extinguishes other species (Lagerberg 1938).
Being a late successional species, beech seedlings can tolerate substantial shading but
are not as easily established as seedlings of earlier successional species, like
pedunculate oak (Löf 2000). Other deciduous trees can compete with beech in the
eastern margins of its distribution, where climate is highly continental (Bolte et al.
2007). Extensive shading causes beech forests to have poor understorey species
diversity, but they support rich flora during the spring, before beeches come to leaf. In
hemiboreal zone beech grows in small groves, but is usually outcompeted by spruce
where their geographic ranges overlap (Lagerberg 1938).
Pinus sylvestris
Scots pine is a shade-intolerant evergreen conifer that can reach very high age (Jalas
1965). It has deep roots and can thrive on barren and dry soils (Lagerberg 1938), but
does not tolerate flooding (Jalas 1965). On moist sites it is outcompeted by spruce (Jalas
1965).
Pine is resilient against drought, fires and frost (Jalas 1965). It has a thick bark and it
can easily withstand fire. Slash-and-burn forms of agriculture have favored Scots pine
compared to Norway spruce in Nordic countries (Jalas 1965).
Pine flowers in June in Finland, and pollen and seeds are dispersed by wind. The cone
ripens in the autumn year after flowering, and seeds equipped with a small wing are
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released (Lagerberg 1938). Scots pine is a continental species, having wide geographic
distribution and large annual temperature range (Rehfeldt et al. 2002). Northern
geographic distribution is limited by inhibition of seed maturation because of the
limited length of growing season, and viable seeds are produced with interval of few
years (Jalas 1965). Southern distribution is determined by lack of moisture during the
growing season, causing excessive seedling mortality (Castro et al. 2004).
Picea abies
The Norway spruce is a tall and large boreal conifer that can reach high age. Spruce
flowers in late May or early June in Finland. Pollen is produced in large quantities, and
is dispersed by the wind. Cone ripens in autumn, but often seeds, equipped with similar
wing as in Pinus, are released the year following the flowering (Lagerberg 1938).
Spruce is top arboreal competitor in boreal forest, having thick foliage and high
tolerance to shading (Jalas 1965). The foliage diminishes light conditions at ground
level. Spruce requires moist and fertile soils, but is tolerant of chilling-caused
dehydration (Jalas 1965). Young seedlings do not grow deep roots, thus avoiding root
competition with other arboreal species, and having good competitive abilities on the
forest floor (Jalas 1965). P. abies can reproduce with vegetative growth in harsh
conditions. In northern parts of distribution viable seeds are not produced every year
(Jalas 1965).

2.3. Species’ current distribution
Geographic distribution of study species covered wide areas in Eurasia (Figure 2).
Uncertain observations and observations referring to extinct or probably extinct
populations were omitted from the study. Four observations of Q. robur in the area of
Kazakhstan and a distinct population from Azores were omitted because climate data
was not available for these areas.
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Figure 2. Full geographic distribution of the study species. Red indicates presence, grey
absence of the species. Grey area covers the extent of current climate data used in building the
models.

The AFE distribution data was in a Military Grid Reference System (MGRS; Defence
Mapping Agency 1990) grid, which is an extension of Universal Transverse Mercator
grid system (Dana 1999). The current climate data used in building the models
(described below) was in 0.5 degrees resolution WGS84-coordinate grid.
To join the distribution and climate data, a shapefile of MGRS grid with species data
was overlaid with the climate data grid. If a cell of AFE data indicating presence
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overlapped wholly or partially corresponding climate data cell, the species was
considered to be present in climate data cell. If none of the AFE grid cells indicating
presence overlapped with cell, the species was considered to be absent. A shapefile was
produced for each species and converted to raster format using “rasterize”-function in R
(R Core Team 2012). Conversion resulted in 12 382 grid cells, each having
presence/absence values for each species and values for the five climatic variables.
Presence and absence values of the species were then collected to data matrix together
with climatic variables.

2.4. Current climate data

Data describing the current climate, representing period of 1950-2000 (Hijmans et al.
2005) consisted of five climatic variables: temperature seasonality, maximum
temperature of warmest month, minimum temperature of coldest month, precipitation of
wettest month and precipitation of driest month. Temperature and precipitation are
important factors determining plant species’ distributions (Woodward 1987), together
with minimum winter temperatures and seasonality (Sykes & Prentice 1996, Woodward
1987). Current climate data covered the geographic area between 12.25 – 79.75 degrees
latitude and -24.25 – 79.75 degrees longitude which covered Europe, Central Eurasia
and Northern Africa (Figure 3).
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Figure 3. Climatic variables used in the study. Temperature values are given in degrees
Celsius, precipitation values are given in mm precipitation / month. Temperature seasonality is
the standard deviation of temperature multiplied by 100.

2.5. Future climate data

The future climate data used in the study consisted of two predictions both with
emission scenario SRES A2 (Nakicenovic et al. 2000), that are described below. These
predictions were not produced in this study. A regional climate model prediction was
used to assess the predicted fine-scale distribution dynamics in Scandinavian area. This
projection for the years 2021–2050 was generated by the Rossby Center Regional
Climate Model (RCA3; Samuelsson et al., 2011) driven by the global ECHAM5
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circulation model (Roeckner et al., 2003). The grid cell size for this prediction was 10
minutes.
For comparing the dynamic model and statistical model results, the statistical models
were used to project species’ future distributions with climate data simulated by
HadCM3 GCM (Gordon et al. 2000), covering averaged climate for two time periods:
2041-2050 and 2071-2080. The grid cell size for this prediction was 0.5 degrees.
The future climatic data covered 34.75 – 71.25 degrees latitude and -10.25 – 31.75
degrees longitude, roughly covering the area of Europe (see Figure 5).

2.6. Building the statistical models

The statistical models were built with Biomod library in R (Thuiller et al. 2012), using
seven common modeling methods (see Info Box 1, next page). GLM and GAM were
run with stepwise parameter selection criteria defined by Akaike Information Criterion.
GLM was set to use polynomial terms. Number of regression trees in GBM was set to
3000, and number of cross-validations in CTA was set to 30.
Statistical models were first built with AFE distribution and current climate data (BEM
AFEs). Because the distribution data contained only presences and not verified
absences, two sets of pseudo-absences were created by randomly selecting 2,500 data
points from the locations where the species was not present. A threshold of two degrees
of latitude and longitude between the observations was set to reduce the probability of a
true presence being accidentally classified as absence.
To calibrate the models, data sets produced by pseudo-absence selections were split
randomly five times with 70/30 ratio, so that 70 per cent of the available data was used
to build the models and the remaining 30 per cent was left for calibration, a procedure
commonly used, if there is no independent data for validation (Guisan & Thuiller 2005).
After the calibration runs a final model was built with all available data, so the total
number of models built per species was 84 (7 models, 2 pseudo-absence selections, 5
cross- validation runs plus the final model).
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For projecting future distributions, an

GLM – Generalized Linear Models.

ensemble of models was built to reduce

GLMs are a generalization of linear regression
that allows the dependent variable to have other
than normal distribution. The user has to assume
form of relationship between explanative and
response variables.

uncertainty related to model selection
(Araújo & New 2007, Buisson et al.
2010). Ensemble forecasts were first

GAM – Generalised Additive Models.

calculated for each model run using

forecast was built using all data on all

GAMs use specific equations to calculate
response curves for subsections of data, thus
avoiding assuming the form of relationship
between variables as in GLM. GAMs are
considered especially useful when relationships
between variables are not known a priori.

model runs. The predicted probabilities

GBM – Generalized Boosting Models.

of occurrence were transformed to

Unlike GLMs, GBMs combine large amounts of
relatively simple models to produce robust
estimates of response. In this study boosted
regression trees were used to partition the data to
homogenous sections by response variables.

median of predicted probability of
occurrence, and finally general ensemble

presence/absence predictions using a
threshold

of

True

Skill

Statistic

(hereafter TSS) maximizing the model

CTA – Classification Tree Analysis.

predictive accuracy with current data.

CTA divides dimensional space defined by
response variables into homogenous sections by
response. Parsimonious classification tree is
produced by multiple splitting, seeking to reduce
variance in subset.

The ensemble prediction was validated
against

AFE

observations

of

full

MARS – Multivariate Adaptive Regression
Splines.

geographic range and AFE observations

sensitivity, specificity and TSS. TSS is a

MARS is a regression method useful in assessing
situations where model coefficients vary with
different levels of explanatory variables. It can
also address complex nonlinear interactions
between variables.

frequently used method for assessing

FDA – Flexible Discriminant Analysis.

SDM accuracy (Allouche et al. 2006).

correctly predicted presences to total

FDA is an extension of linear discriminant
analysis. The method creates a linear
combination of variables with normal errors that
discriminate between presence and absence
observations in relation to explanatory variables.

predicted presences, and it measures the

SRE – Surface Range Envelopes.

in the study area. Three evaluation
statistics were calculated for validation:

Sensitivity was calculated as a fraction of

model’s ability to predict presences
correctly.

Specificity

measures

model’s ability to predict absences

the

In SRE, bioclimatic space where species can thrive
is defined by selecting range for each explanatory
variable that contains the observations. Thus
resulting multidimensional bioclimatic space is
thought to represent the potential distribution.

Info Box 1. Statistical modeling methods
used in the study.
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correctly, and was calculated as the fraction of correctly predicted absences to total
predicted absences (Fielding & Bell 1997). TSS was calculated with formula TSS =
sensitivity + specificity – 1 (after Allouche et al. 2006). Sensitivity and specificity
values range from 0 to 1.
The future projections were made using two climate data sets: HadCM3 data covering
time periods 2041-2050 and 2071-2080, and ECHAM5 data covering time period 20212050. The first projections were used in comparing statistical and dynamic model
predictions and the latter to study projected distributions in Scandinavia and related
uncertainties.
The future projections were made using two climate data sets: HadCM3 data covering
time periods 2041-2050 and 2071-2080, and ECHAM5 data covering time period 20212050. The first projections were used in comparing statistical and dynamic model
predictions and the latter to study projected distributions in Scandinavia and related
uncertainties.
To assess the possible effect of input data to model predictions, a second set of
statistical models (BEM LPJ) was built with LPJ-GUESS predictions for year 1960
representing current occurrence data. For this purpose, LAI values predicted by LPJGUESS were converted to presence/absence values so that if LAI value of a grid cell
was greater than 0, species was considered present in that cell. These presence/absence
predictions were combined with current climate data by overlaying these two grids so
that species was considered to be present in a climate data cell if it had total or partial
overlap with LPJ-GUESS cell that predicted the species to be present. Statistical models
as described above were built with this data, and an ensemble of models was used to
project the future distributions, using the same climate data as above.
The relative importance of each variable for both statistical model ensembles was
evaluated with a permutation procedure. After the data splitting for the calibration was
done, and the final model built, a standard prediction for each final model was made.
Each variable in turn was then randomized and correlation scores between probability
values of these two predictions were calculated. High correlation scores indicate that the
variable has low importance, in other words, the randomization causes little variation in
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model prediction. Low correlation scores indicate that the variable has high importance
in model prediction.
Variable importances were calculated this way for all the final models (built with no
data splitting) of the latter pseudo-absence selection run. These validation scores of
different statistical models were then averaged by calculating arithmetic mean across
the models. This metric was used to describe the relative variable importance in model
ensemble.

2.7. The dynamic model data

The dynamic model data used in this study and described below has been produced by
Hickler et al. (2012). Only averaging and spatial scaling was done on the data in this
study.
LPJ-GUESS is a DGVM of intermediate complexity, modeling growth, competition,
disturbances, demographic processes, vegetation structure, soil dynamics and hydrology
(Sitch et al. 2003). LPJ-GUESS data used here was from a study where the model was
used to predict the impacts of climate change in the potential natural vegetation of
Europe (Hickler et al. 2012).
Hickler et al. (2012) parameterized the model for sixteen common European tree
species and additional PFTs. The model was run with “cohort”-mode, in which
individuals are modeled explicitly, but all individuals of the same species in given unit
were considered to be identical. For photosynthesis and hydrologic factors the
simulation time step was one day, whereas changes in vegetation structure were updated
annually. The species were parameterized with shade tolerance class, susceptibility to
drought, CO2 increase and three bioclimatic variables minimum requirement for yearly
sum of temperatures above 5 °C, minimum temperature for winter survival and
maximum winter temperature for establishment.
The model was run with current climate (1901-2000) for 400 years from state of no
vegetation cover to produce vegetation that would be in approximate climatic
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equilibrium. After the model was run for 400 years, representing situation at year 1900,
CO2 increase was added, and for time period 2001-2100 the climatic input data for the
model was produced with HadCM3 climate model with SRES emission scenario A2.
Full description of the model and parametrization can be found in Hickler et al. (2012)
and the references therein.
For this study, the yearly model outputs of Leaf Area Index (LAI) were used. LAI is a
metric describing total leaf area of a species to related ground area. LAI values were
predicted on a 10’ x 10’ grid on WGS84 coordinate system. The predicted LAI ranges
varied between the species, reflecting competitive abilities and climatic tolerances
(Figure 4).
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Figure 4. Leaf Area Indexes for the five study species separately and total (bottom right panel)
foliage cover across the five species, as predicted by LPJ-GUESS for the year 1960. Note the
different scale on each plot.

2.8. The study area

Future predictions of species’ distributions were compared on the area for which future
climate projections were available, i.e. 34.75 – 71.25 degrees latitude and -10.25 –
31.75 degrees longitude (hereafter study area), roughly covering the area of Europe, on
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0.5 degrees resolution (Figure 5, left panel). Scandinavian predictions were examined in
area that covered 55– 71 degrees of latitude and 4.5-32 degrees of longitude, on 10’
resolution (Figure 5, right panel).

Figure 5. The study area covering Europe (left), and the area where Scandinavian predictions
were examined (right).

2.9. Comparing statistical models with LPJ-GUESS

The coordinates of LPJ-GUESS data pointed to the southwest corner of each grid cell,
and were transformed to point to the center of a grid cell by adding 0.5/6 degrees to
each coordinate. To compare the LPJ-GUESS predicted LAI with BEM probabilities,
LAI values were averaged for years 2041-2050 and 2071-2080 by calculating arithmetic
mean across years.
Furthermore, because the predicted LAI grids had a higher resolution than the BEM
projection grid, the LAI cells were aggregated to a lower resolution of 0.5 degrees.
Mean LAI was calculated across the LAI values across the 10’ cells (LPJ-GUESS) in
each 0.5 degrees cell (BEMs), using the LAI values that had been previously averaged
across years. This was done by overlaying the two grids, and using the rasterize
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function in R to calculate mean LAI values of all LPJ-GUESS averaged data cells that
had their center inside a climate data cell.
Since extents of 0.5 degrees BEM projection grid and 10’ LPJ-GUESS LAI grid
differed slightly in coastal areas, their overlap was used, so that LPJ-GUESS data cells
that had centroids outside future climate data cells were discarded as well as the future
climate data cells that did not have any LPJ-GUESS data cell centroids inside them.
This resulted in total of 3 553 grid cells of future predictions.
As predictions produced by Biomod consist of probabilities of occurrence for each grid
cell and LPJ-GUESS predicts LAI values, which can be interpreted to reflect abundance
of species in each grid cell, these two values were compared against each other by
calculating Pearson correlation scores between probability of occurrence predicted by
the two sets of BEMs and LAI predicted by LPJ-GUESS on all future range predictions
for each species.To produce presence/absence predictions for the future, averaged LAI
values described above were converted to presence so that if predicted LAI value of a
grid cell was > 0, species was considered to be present and otherwise absent.
The presence/absence predictions of the BEM AFE and BEM LPJ models were
compared with LPJ-GUESS presence/absence prediction by calculating the percentage
of grid cells of total study area where the two methods produce same results on presence
and absence. Geographic distribution of agreement over Europe was calculated by
counting an agreement index (1-5) on all species.

3. Results

3.1. BEM predictive performance and the importance of variables

Statistical models (BEM AFEs) showed good predictive performance, as indicated by
specificity, sensitivity and TSS values obtained in the validation (table 1). However,
validation with different data sets (full geographic distribution or stud area) differed,
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with the latter performing poorer (table 2). Both validation sets however indicated good
model performance.

Table 1. Predictive performance of BEM AFE models on full geographic distribution.

Quercus
Corylus
Fagus
Pinus
Picea

Sensitivity
0.947
0.932
0.959
0.932
0.945

Specificity
0.927
0.919
0.952
0.928
0.941

TSS
0.874
0.851
0.911
0.860
0.885

When validated against AFE observations in the study area, BEM AFEs performed
clearly poorer than with full geographic range (table 2).

Table 2. Predictive performance of BEM AFE models in the study area.

BEM AFE Quercus
BEM AFE Corylus
BEM AFE Fagus
BEM AFE Pinus
BEM AFE Picea

Sensitivity
0.974
0.949
0.959
0.92
0.94

Specificity
0.781
0.694
0.818
0.8
0.855

TSS
0.755
0.643
0.777
0.72
0.795

LPJ-GUESS 1960 presence/absence prediction showed poorer predictive ability than
BEM AFEs when validated against AFE observations in the study area (table 3).
Especially specificity values were low, displaying the model predicting presences in
areas that did not have observations in AFE data.
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Table 3. Predictive performance of LPJ-GUESS 1960 predictions in the study area.

LPJ-GUESS Quercus
LPJ-GUESS Corylus
LPJ-GUESS Fagus
LPJ-GUESS Pinus
LPJ-GUESS Picea

Sensitivity
0.988
0.978
0.76
0.894
0.953

Specificity
0.376
0.513
0.666
0.764
0.705

TSS
0.364
0.491
0.425
0.658
0.657

For both LPJ-GUESS and BEM AFE validated against study area observations,
sensitivity was clearly higher than specificity, which in some cases with LPJ-GUESS
was considerably low.
The relative importance of climatic variables was clearly different in the two sets of
BEMs (Figure 6). In BEM AFE models precipitation of driest month had higher relative
importance than in BEM LPJ models. In BEM LPJ models minimum temperature of
coldest month was highly important (Figure 6).
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Figure 6. Relative importance of climatic variables for the two ensembles of statistical models.

3.2. Comparing statistical and dynamic model predictions

3.2.1. Present

Observations of current distributions as indicated by the Atlas data (AFE) do not seem
to match the expected present distributions as predicted with LPJ-GUESS, with the
latter predicting more southern current distributions (year 1960) than observed (Figure
7). The pattern was especially clear for deciduous species in Mediterranean area.
Statistical models built with atlas data (BEM AFEs) did not predict extensive southern
distribution for deciduous species in current climate.
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Figure 7. Top: AFE observations, middle: statistical model (BEM AFE) ensemble projection for
current climate, bottom: LPJ-GUESS predicted presences for year 1960.

3.2.2. Future 2050

Both sets of statistical models and LPJ-GUESS predicted northward range shifts of the
northern distribution edge for all species (Figure 8). BEM AFEs predicted range
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contractions on the southern edge of distribution in contrary to LPJ-GUESS (Figure 8).
BEM LPJs predicted only moderate range contractions for conifers.

Figure 8. Predicted ranges of study species in 2041-2050. Top: statistical models built with
observations (BEM AFE), middle: statistical models built with LPJ-GUESS predicted presences
(BEM LPJ), bottom: LPJ-GUESS predictions.
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3.2.3. Future 2080

For time period 2071-2080 BEM AFE models predicted contractions of southern edge
of distribution for all species (Figure 9, top). Contractions were especially large for
conifers. Range of F. sylvatica contracted westward compared to prediction for 20412050. BEM LPJ (Figure 9, middle) predicted moderate range contractions for conifers
and F. sylvatica range to contract westwards compared to 2041-2050 prediction. Range
contractions for LPJ-GUESS predictions were minimal (Figure 9, bottom row).
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Figure 9. Predicted ranges of study species in 2071-2080. Top: BEM AFE, middle: BEM LPJ,
bottom: LPJ-GUESS predictions.

3.2.4. The geographic distribution of differences

BEM AFE model predictions diverged from LPJ-GUESS predictions especially in
southern and southeast Europe, showing increasing divergence towards the end of the
century (Figure 10). BEM LPJ models reached high agreement with LPJ-GUESS in
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large areas in 2041-2050, but showed increasing uncertainty in central Europe for 20712080 (Figure 10).

Figure 10. General agreement between modeling strategies. Values are sums of
presence/absence predictions for each species (N=5), where statistical model prediction agrees
with LPJ-GUESS. Left: BEM AFE models, right: BEM LPJ models. Zero values indicates
disagreement for all species, five agreement on all.
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When estimates of the extent of climatically suitable habitat where compared, instead of
comparing expected occurrence, the differences between the two sets of statistical
models were even larger for 2071-2080 (Figure 11).

Figure 11. Statistical model predicted probabilities of occurrence for 2071-2080 representing
climatically suitable habitat. Top: BEM AFE, bottom: BEM LPJ. Red indicates high suitability
(probability of occurrence 1.0–0.75), descending to yellow (0.75–0.3) and green (0.3–0.01).
Gray indicates area that is unsuitable for the species.

The LPJ-GUESS predicted high abundances for P. abies in northern Europe and for F.
sylvatica in central Europe for 2071-2080 (Figure 12). Also a trend of northward
distribution shift in abundance was observed when compared to 1960 foliage cover
(Figure 4).
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Figure 12. LPJ-GUESS predicted LAI of the study species and total foliage cover for 2071-2080.

3.2.5. Differences between species

Correlation scores between LPJ-GUESS predicted LAI and climatic habitat suitabilities
predicted by BEM AFE and BEM LPJ were relatively low except for one species, Picea
abies, for which both sets of statistical models reached high agreement with LPJ-
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GUESS (Figure 13). In this case, statistical models built with observations reached
highest agreement.

Figure 13. Pearson correlation scores between LPJ-GUESS predicted LAI values and the
probabilities predicted by either of the statistical models (BEM AFE, black bars; BEM LPJ, white
bars) for 2041-2050 (left) and 2071-2080 (right).

Overall, however, BEM LPJs agreed better with with LPJ-GUESS projections than
BEM AFEs did, especially when the comparison was done for presence/absence
predictions, instead of LAI vs. probability of occurrence (Figure 14). Especially high
levels of agreement were observed with C. avellana and Q. robur in 2071-2080, but in
these cases the predicted range covered almost entire study area (see the distribution
maps presented earlier).
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Figure 14. Percentage of all study area grid cells (N=3 553) where the statistical models agreed
with LPJ-GUESS on predicted presences (top) and absences (bottom) for 2041-2050 (left) and
2071-2080 (right).

3.2.6. The role of statistical model input data in observed differences

Statistical model input data had high influence in variable importance (Figure 6) and
future predictions (Figures 8-11). BEM LPJs reached clearly higher agreement with
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LPJ-GUESS than BEM AFEs (Figure 10 and Figure 14) except when probabilities were
compared with abundances (Figure 13).

3.3. Statistical model predictions in Scandinavian area

The ensemble of models (BEM AFEs) predicted northward shift of distributions in
Scandinavian area especially for broadleaved species Q. robur, C. avellana and F.
sylvatica (Figure 15). Predicted range shifts for conifers were clearly smaller.

Figure 15. Original distribution (top) and predicted future distributions (bottom) of the study
species in Scandinavia in 2021-2050. Red area indicates presence, gray absence. The
resolution of original data is 0.5 degrees and resolution of the predictions is 10’.

The uncertainties in BEM modeling were greater at the expanding or contracting range
margins (plot areas of yellow and green in Figure 16). The values displayed reflect the
sum of model runs that predict presence, arising from 84 different runs for each species.
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These are constructed from having two sets of pseudo-absences, five cross-validation
runs plus single run for final model and seven different BEM modeling methods (GLM,
GAM, GBM, CTA, MARS, FDA, SRE).

Figure 16.Sums of predicted presences for the study species from all BEM AFE model runs (N
= 84) in Scandinavian area for 2021-2050.
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4. Discussion

4.1. The effect of input data on statistical model predictions

The future predictions of BEM AFE and BEM LPJ models differed greatly, reflecting
the huge importance of the observed distribution on predictive performance of the
models. Quality of input data is a source of uncertainty not often discussed in BEM
literature (but see Hortal et al. 2008), as uncertainty analysis often focus on model
selection (Heikkinen et al. 2006, Elith et al. 2006) or parameterization (VanDerWal et
al. 2009). In this study, the use two sources of input data produced two sets of BEMs
that quantify the relationship between distribution and climate in different ways, as is
seen in importance of explanatory variables inside the models (Figure 6). This resulted
in greatly varying future predictions, the major difference being that only the BEM AFE
models predicted substantial range contractions, thus reflecting greater climate impact
on the study species in these models.
One reason for the popularity of the SDMs is that data of species distributions is readily
available. Biased input data, however, makes it impossible to correctly perceive the
relationship between species and the environment, and if systematic attempts to validate
data from national museums and atlases, sources often used in modeling studies, are not
conducted, possible biases will go unnoticed into future assessments of climatic
vulnerability, reducing their reliability.

4.2. Causes of extensive southern distribution predicted by LPJ-GUESS

The extensive southern distribution of deciduous species in the Mediterranean predicted
by LPJ-GUESS was at first interpreted to reflect strong anthropogenic impact ongoing
for several millennia, since LPJ-GUESS models potential natural vegetation without
human influence, and the AFE observations are describing the distributions that are
affected by historical land-use and other human activities. If the deciduous species
could exist in the area if it would have not been subjected to heavy agricultural land-use,
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then the AFE data would reflect realized rather than fundamental niche (Hutchinson
1957), and species would not be in climatic equilibrium, thus affecting the ability of
BEMs to predict the distribution based on climate data (Guisan & Thuiller 2005).
After the analyses for this study were conducted, the presences of deciduous species in
the Mediterranean region were interpreted as a model artifact, caused by low (< 0.1)
LAI values in 1960 (Thomas Hickler, personal comment 12.4.2013).
In LPJ-GUESS the southern limit of establishment for these species is determined by
growing-season soil water content, which is generally too low for non-Mediterranean
species (Thomas Hickler, personal comment 12.4.2013). Occasional establishment of
these species is possible in the model, but low soil moisture prevents them from
maintaining viable population. In the model the northern distribution limits are more
stable, being restricted by minimum winter temperatures and growing season length,
expressed with GDD5.
Interpreting the southern predictions as a model artifact is a plausible explanation. In
Hickler et al. (2012), LPJ-GUESS current predictions were validated against expert
reconstruction of potential natural vegetation of Europe (Bohn et al. 2003), and were
found to be accurate (Hickler et al. 2012). To check the reliability of AFE observations,
a visual comparison was made with another atlas (Meusel et al. 1965), which supported
the AFE observations. Interpreting southern distributions as a model artifact is further
supported by the relative importance of minimum winter temperature and driest month
(practically representing growing season) precipitation on the two sets of BEMs
discussed above.
To remove the artifact, a cut-off value for presence/absence conversion was tried for
upscaled LPJ-GUESS LAI data, with conversion thresholds of 0.025 and 0.05, so that
all LAI values above these were converted to presences and all below these to absences.
Applying the threshold restricted the southern distribution somewhat, but caused severe
disruption of presence/absence predictions in other parts of the distribution area for P.
sylvestris and C. avellana, two species with low competitive ability and sparse foliage
cover (Appendix 1).

45

In LPJ-GUESS there is always some background establishment in climatically suitable
conditions, resulting in low LAI values (Thomas Hickler, personal comment 12.4.2013).
Thus the LAI values converted to presence/absence can be interpreted as climatically
suitable area predicted by the model. Using conversion threshold also reduced the
northward shift of distributions in future predictions (results not shown), when time lags
caused by successional processes in the model have not yet allowed the species to grow
dense foliage, represented by high LAI values. Because using conversion threshold
disrupted predictions on less competitive species, it was not applied in the study.
A possible cause of the southern predictions with LPJ-GUESS could be the use of
single year (1960) predictions from LPJ-GUESS to indicate present distributions,
instead of averaging LAI values over several years. If the LAI values for the year 1960
were exceptional, averaging these e.g. over 30 years could have resulted in lower
average LAI values, which could have been more easily transferred to presence/absence
using cut-off values, a phenomena observed above with using cut-off value on future
predictions.

4.3. Model validation and variable importance

BEM AFE models reached high TSS scores when validated against full geographic
distribution (table 1), indicating good predictive ability. This would support the
conclusion that on continental scale, the study species’ distributions are mainly
determined by climatic factors (Pearson & Dawson 2003). However, although data
partitioning was applied in building individual models, the validation data was not
independent from data used to build the models, which can lead to overly optimistic
view of model performance (Araújo et al. 2005a).
BEM AFE models predicted current distribution in the study area clearly better than
LPJ-GUESS (tables 2 and 3). This was not very surprising, considering that validation
was done against AFE data. However, LPJ-GUESS predictions are not totally
independent from AFE data either, since when the model was parameterized the
bioclimatic parameters for the study species were derived either from results of field
trials, or if data was not available, from visual comparisons between bioclimatic
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variables and observed ranges (Sykes et al. 1996, Hickler et al. 2012). For this visual
comparison, species’ ranges were derived from AFE (Sykes et al. 1996). Thus some
effects of AFE range properties are implicitly included in LPJ-GUESS predictions.
Both methods (statistical and mechanistic) showed generally high sensitivity and low
specificity, which could be caused by models predicting more extensive current
distribution than was observed (Figure 7). In the case of BEM AFE models, this might
be caused by methodological uncertainties in the modeling or incomplete potential
range filling, which has been observed to some extent on all study species (Svenning &
Skov 2004). Generally BEM AFE models predicted the southern distribution of the
study species quite well (Figure 7), assuming that AFE represents the current,
equilibrium distribution.
The effects of extensive southern distributions predicted by LPJ-GUESS for deciduous
species Q. robur, C. avellana and F. sylvatica were reflected in low values of specificity
and TSS for these species (table 3). Hickler et al. (2012) also observed problems with
the model predictions in the hemiboreal transition vegetation zone of southern Finland
(see Figures 4 and 7), which might account for some of the low specificity and TSS
values on Q. robur and C. avellana. LPJ-GUESS performed clearly better predicting
conifer distributions than deciduous tree distributions (table 3).

LPJ-GUESS also

predicted more western distribution of F. sylvatica than observed in AFE data (Figure
7). This is probably caused by using too high winter minimum temperature limit (-3.5
°C) in LPJ-GUESS parameterization (Thomas Hickler, personal comment 15.4.2013).
Differences in most important variables for the two sets BEMs could be explained by
different input data. The higher importance of precipitation of driest month in BEM
AFE models and minimum temperature of coldest month in BEM LPJ models can arise
from AFE distribution being more strongly controlled by precipitation of driest month.
When using the more southern LPJ-GUESS 1960 predictions as input data, the limiting
factor for distribution in the model is minimum temperature of coldest month, reflecting
the situation where the species become less restricted by precipitation.
This further supports interpreting southern LPJ-GUESS as a model artifact. Drought is
known to limit seedling establishment of native tree species in Mediterranean area
47

(Castro et al. 2004, Padilla & Pugnaire 2007). This is clearly seen in variable
importance scores of BEM AFE models, supporting the validity of AFE observations. If
the range of deciduous species would extend all the way to Mediterranean, drought will
no longer be a limiting factor in the models, and the importance of precipitation is
reduced to almost nonexistent, as seen in BEM LPJ (Figure 6). Increased relative
importance of minimum temperatures in BEM LPJs is caused by this removal of factor
governing the southern distribution edge, which promotes the relative importance of
other factors governing the distribution. Minimum winter temperatures are known to
control northern and eastern distributions of many European tree species (Sykes &
Prentice 1996).
Since the variable importance scores are specific to each set of BEMs, they cannot be
straightforwardly compared against each other. Scores should be interpreted to reflect
relative importance of each variable inside the model ensemble.

4.4. Differences between BEM AFE and LPJ-GUESS predictions

Despite the possible problems with BEM LPJs relating to input data validity, there were
notable differences between BEM AFE and LPJ-GUESS predictions. Most notably
BEM AFE models predicted substantial range contractions towards the end of the
century, whereas LPJ-GUESS did not (Figures 8 and 9). Although some of this
discrepancy might be explained by biases in converting southern distributions of LPJGUESS to presence/absence as discussed above, similar northward shift in habitat
suitability on BEM AFEs is visible on probability gradients as well (Figure 11).
A plausible explanation is that BEM predictions describe conditions where a species is
in climatic equilibrium whereas LPJ-GUESS models successional and demographic
processes. LPJ-GUESS predictions thus include a time-lag before a response in species’
abundance is observed, which is caused by individual longevity and population
dynamics (Hickler et al. 2012).
Another source of differences is that LPJ-GUESS models interspecific competition
whereas BEMs do not. Thus it would seem reasonable that model predictions would
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reach higher agreement on species with good competitive abilities, since the LPJGUESS predicted abundances of these species would be less restricted by competition.
There are two superior competitors among the study species, P. abies and F. sylvatica
(Jalas 1965). Both are late-successional species that tolerate substantial shading and
grow dense foliage, being also parameterized as shade-tolerant (competitive) in LPJGUESS (Hickler et al. 2012). The predictions of LPJ-GUESS and BEM AFEs correlate
highly on abundance of P. abies, but not on F. sylvatica (Figure 13).
High model agreement on P. abies supports the hypothesis that species with high
competitive abilities would be less restricted by biotic interactions and would thus be in
greater climatic equilibrium, a notion previously presented by Kramer et al. (2012).
Lower agreement observed on F. sylvatica could arise from failed cold-tolerance
parameterization in LPJ-GUESS described earlier.
Straightforward interpretation of the effects of succession-caused time-lag and different
competitive abilities is difficult, however, since in LPJ-GUESS late-successional
species like P.abies and F.sylvatica are parameterized with lower growth and
establishment rates (Hickler et al. 2012), thus responding more slowly than earlysuccessional species to possible climatic shifts. In Hickler et al. (2012) the model was
run up to year 2500 with the year 2100 predicted climate and CO2 concentration to
estimate potential natural vegetation in a climatic equilibrium. It would be interesting to
compare BEM predictions with the equilibrium prediction of LPJ-GUESS to address the
relative effect successional processes and biotic interactions have on the observed
differences. However, the equilibrium data was not available for this study.
Differences might also relate to different geographic distributions of abundance
predicted by LPJ-GUESS in 1960 (Figure 4). Already in 1960, P. abies is predicted to
be abundant in Scandinavia (Figure 4) in the same area that is predicted to be
climatically highly suitable by BEM AFEs in 2071-2080 (Figure 11). To reach climatic
equilibrium in 2071-2080, P. abies range would have to contract in Central Europe. On
the contrary, the highest abundances of F. sylvatica in 1960 are much south from the
areas that BEM AFEs predict to become climatically suitable by 2071-2080, thus to
reach climatic equilibrium in the future Fagus would have to colonize large areas in
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Scandinavia. Although some colonization is observed in LPJ-GUESS presence/absence
predictions between current and future (Figure 7 vs. Figure 9), large-scale changes in
abundance seem to lag behind (Figure 12). P. sylvestris shows range contractions in
BEM AFE predictions, and Q. robur and C. avellana show range expansions. However,
as poorly competitive species their LPJ-GUESS-predicted abundances are probably
influenced by competition, especially dense foliage of P. abies in Scandinavia, which is
the main area of their range expansion.
Thus the differences in predictions between species might ultimately depend on initial
range properties, and whether the predicted range changes are related to colonization or
extinction processes.
Since no conversion threshold was used, background establishment in climatically
suitable conditions in LPJ-GUESS would cause presence/absence predictions of LPJGUESS to reflect better climatically suitable habitat, as presence/absence predictions
would be less affected by successional time lags, since there is no time-lag in
background establishment. Biotic interactions are also thought to affect the occurrence
of species from local to site, not on continental scales (Pearson & Dawson 2003). Thus
presence/absence predictions would make for more appropriate to look for climateinduced differences.
Comparing presence/absence predictions provided different results than comparing
abundances (Figure 14). General agreement on presences was higher than agreement on
absences, which reflects the sizes of species’ future ranges predicted by the models
(Figure 9). LPJ-GUESS predicted Q. robur and C. avellana to cover almost entire study
area by 2071-2080 (Figure 9). On presence/absence predictions P. abies or F. sylvatica
did not reach especially high agreements compared to other species (Figure 14). The
overall agreement between modeling strategies seemed to be higher when comparing
presence/absence predictions (Figure 14) than when comparing abundances (Figure 13),
although it is difficult to compare two totally different metrics. This would nevertheless
give indication that when successional processes and biotic interactions are taken into
account, the models assess the climatic requirements of the species in similar way.
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Spatial distribution of agreement was highest in central and northern Europe, and
shifted northwards towards the end of the century, when BEM AFEs predicted range
contractions in the south and LPJ-GUESS did not (Figure 10). This pattern is very
similar to the one observed with statistical models in Scandinavian area (Figure 16),
emphasizing that uncertainties related to modeling methods are largest at the edges of
distributions.

4.5. Statistical model predictions in Scandinavia

Statistical models (BEM AFE) predicted substantial northward range shifts for
deciduous species Q. robur, C. avellana and F. sylvatica (Figure 15). These species are
characteristic of temperate, broadleaved forests, and their northward shift thus
implicates a shift of the entire hemiboreal forest zone in Scandinavian area. As these
species are also important keystone species (Q. robur) or dominant species that shape
the characteristics of the ecosystem (F. sylvatica), range shift has far-reaching
consequences for forest biodiversity, species composition and forestry in Scandinavian
area. As all three temperate species in the study are predicted to shift northwards, it is
also probable that many other temperate tree species not included in the study will shift
their distributions as well, causing further changes in the ecosystem composition.
The BEM predictions do not account for dispersal limitation, human influence or biotic
interactions, which might affect the outcome. Present ecosystems also have resilience
against perturbations. For example, in hemiboreal zone F. sylvatica has been
historically outcompeted by P. abies (Lagerberg 1938). Although the models show
moderate range contractions for P.abies in the south (Figure 6), the southern limit of its
distribution depends on warm winters suppressing reproduction, when minimum winter
temperature is above 0 °C (Sykes et al. 1996). However, the growth rates of P. abies are
greatest at its southern range margins (Sykes et al. 1996). Thus in these areas P. abies
could still be highly competitive far in the future although reproduction might be
reduced, for the longevity of adult individuals in southern distribution margin can reach
300 years (Lagerberg 1938).
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The southern and western future ranges of P. abies predicted by statistical models
(Figure 15) seem to follow closely the future 0 °C minimum winter-time temperature
limit (see Appendix 2), which gives confidence in the ability of statistical models to
capture relevant process determining tree species’ distributions.
As Q. robur and C. avellana have had more northern distributions in the area in quite
recent past (Lagerberg 1938, Lindbladh & Foster 2010), expansion does not necessarily
require extensive dispersal abilities, if isolated relict populations still remain north of
current distribution edge. F. sylvatica, on the contrary, would have to cross the Baltic
Sea to disperse extensively to Finland, as currently only one small population on
Southwest coast persists on mainland. As beech is an important silvicultural species in
Central Europe, this will probably not be a problem if it is seen as a potentially suitable
species for future forestry in Finland.
Although the different modeling methods reach high agreement in general, the
agreement was lower at the northern distribution edge of Q. robur as well as the
southern distribution of P. abies (Figure 16). Predictions on conifers seem also to be
more unreliable in coastal areas (Figure 16), possibly reflecting the continental habitat
requirements of these species.
Uncertainties in statistical modeling seem to be greatest at the expanding edges of
species distributions, emphasizing the importance of assessment of uncertainties in
modeling studies (Heikkinen et al. 2006, Pearson et al. 2006, Garcia et al. 2012). This
might be caused by differences in how statistical models extrapolate predictions to
novel climate spaces containing variable combinations that these models were not
initially trained with, but the occurrences of novel climates in the area was not
examined in this study.

4.6. Other uncertainties related to BEM and LPJ-GUESS predictions

LPJ-GUESS also models direct effects of CO2 on species. In LPJ-GUESS, the
responses to elevated CO2 concentration relate to increased net primary production
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(NPP) (Hickler et al .2008) and decreased stomatal conductance (Hickler et al. 2009).
Elevated CO2 has a potential to reduce transpiration as CO2 diffusion into leaf is
increased by higher atmospheric concentration, which allows plants to adapt to drier
growing conditions. This might cause some differences between BEM AFE and LPJGUESS predictions, since BEMs only model statistical interactions between distribution
and moisture-related variables, and do not model NPP increase or changes in
transpiration in any way.
The CO2-caused simulation of NPP is based on short-term enrichment experiments
(Hickler et al. 2008). The increases in NPP caused by CO2 enrichment have been shown
to often be initially countered by nutrient or water limitations (Gómez-Guerrero 2013,
Woodward 2002). The responses for CO2 enrichment are also species-specific, and can
change allocation of photosynthates inside the plant, which is not accounted for in LPJGUESS (Hickler et al. 2012). In some species, CO2 increase has led to earlier
maturation and increased seed production and fertility (LaDeau & Clark 2001), which
may counter some predicted effects of climate change on species with long generation
times.
Neither of the modeling methods accounted for dispersal. In BEMs unlimited dispersal
was assumed. In LPJ-GUESS establishment is modeled as a stochastic process, where
probability of establishment for each species is influenced by competition,
environmental factors and previous-year allocation for reproduction (Sitch et al. 2001).
However, there is no dispersal limitation, but propagules are assumed to be available
always (Sitch et al. 2001), and establishment to occur if conditions are suitable.
In reality, though, anthropogenic or natural dispersal limitation or poor dispersal
abilities may prevent species from tracking climatically suitable habitat (Opdam &
Wascher 2004, Svenning & Skov 2004), or on the contrary, humans may act as
powerful dispersal vectors (Nathan et al. 2008). There are indications that rising
temperatures may promote occurrence of long-distance dispersal events of winddispersed plant species by increased turbulence (Kuparinen et al. 2009), thus allowing
wind-dispersed species (in this study P. abies and P. sylvestris) to better track changing
climatic niches. Many of the study species are also economically important species, and
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their abundances in Europe are mediated through silvicultural practices. As neither of
the methods accounts for human interference or seed dispersal, the future projections
should be addressed with caution.
Although LPJ-GUESS models species interactions, the data used in this study were
from a model run that covered 16 common European tree species (Hickler et al. 2012).
In reality there might be biological interactions that were not included in the modelling
framework. Same caution should be applied also to interpreting BEM predictions, since
these do not account for biological interactions at all.
Buisson et al. (2010) observed that best accuracy for statistical modeling is achieved
with species with very limited distribution and environmental tolerances. This promotes
caution in interpreting the BEM AFE predictions, since all of the study species have
wide ranges covering large parts of Europe.

5. Conclusions

Although the Mediterranean distributions were interpreted as an artifact, BEM LPJ
models showed how large influence input data will have on statistical model
predictions. The more southern input data used to fit BEMs (i.e. in BEM-LPJ) resulted
in differences in variable importance, and had huge impacts on future projections. This
emphasizes the importance of building statistical models with unbiased input data that
properly characterizes species-climate relationship.
Different causes of range change in P.abies and F. sylvatica reflect the need to assess
the processes driving either range contraction or expansion. If the predicted range
changes relate to contractions, the speed of range contraction depends on species’
resilience against change in contracting area. If range changes relate to colonization,
models should account for dispersal and succesional processes such as competition to
address the speed of change. Process-based models could be used as a tool to address
the speed of these processes on different species groups. These estimates could then be
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used in statistical modeling of species that are not fit for process-based models because
of lack of detailed input data.
There are three potential sources of differences between process-based and statistical
models: successional lags, biotic interactions and modeling the climate-distribution
relationship. A more detailed attempt to address these differences should be conducted
with the following set-up:
1. BEM predictions should be compared against future equilibrium predictions of
LPJ-GUESS to account for the effect of successional lags
2. Equilibrium predictions of LPJ-GUESS should be produced for each species
individually to assess the relative strength of biotic interactions in the
predictions
3. Individual species’ equilibrium predictions could be compared against BEM
predictions to address the possible differences in modeling the relationship
between distribution and climatic factors
This would allow separation of three potential causes of differences between the
models, and could help to combine the potential strengths of these two methods to build
more robust future predictions of species’ distributions.
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Appendix

Appendix 1. The effect of cut-off value on LPJ-GUESS predictions. AFE observations (top),
LPJ-GUESS presence/absence predictions for 1960 with no cut-off (second from top), cut-off
value of 0.025 (second from bottom) and cut-off value of 0.05 (bottom).
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Appendix 2. Predicted future climate (2021-2050) in Scandinavian area.
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