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Species Distribution Models. Ecological Applications for 
Management of Biodiversity 

Abstract 
Species distribution models are a group of methods often used to estimate 
consequences of global change, to assess ecological status and for other ecological 
applications. The main idea behind species distribution models is that the 
geographical distributions of species can, to a large part, be explained by 
environmental factors and that species distributions therefore can be predicted in 
time or space. For robust and reliable applications, models need to be based on 
sound ecological principles, predictions need to be as accurate as possible, and 
model uncertainties need to be understood.  

Two approaches are available for modelling entire species communities: (1) each 
species can be modelled individually and independently of other species or (2) 
community information can be incorporated into the models. The first study in this 
thesis compares these two modelling approaches for predicting phytoplankton 
assemblages in lakes. The results showed that predictive accuracy was higher when 
species were modelled individually. The results also showed that phytoplankton can 
be used for model-based assessment of ecological status. This finding is important 
because phytoplankton is required for assessing the ecological status of European 
water bodies according to the European Water Framework Directive. 

Dispersal barriers in the landscape or limited dispersal ability of species might be a 
reason for species being absent from suitable habitats, and these factors might 
therefore affect model accuracy. The second study in this thesis examines the 
influence of dispersal and the spatial configuration of ecosystems on prediction 
accuracy of benthic invertebrate and phytoplankton distribution and assemblage 
composition. The results showed only a minor influence of spatial configuration and 
no effect of flight ability of invertebrates on model accuracy. However, the models 
used may partly account for dispersal constraints, since dispersal-related factors, such 
as lake surface area, are included as predictor variables. The result also showed that 
composition of littoral invertebrate assemblages was easier to predict at sites located 
in well-connected lake systems, possibly because the relatively unstable littoral zone 
necessitates a need for species to re-colonize disturbed habitats from source 
populations. 
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Abbreviations 

  
AUC Area under curve 
E Expected taxa richness 
O Observed taxa richness 
RIVPACS River InVertebrate Prediction and Classification System 
SD Standard deviation 
SDM Species distribution model 
TPP True positive proportion 
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1 Introduction 

The spatial distribution of plants, animals and other organisms has always 
been a central interest for ecologists. In fact, in one of the most well-known 
textbooks on ecology, Krebs (1972) states that: 

 
...ecology is the scientific study of the interactions that determine the 
distribution and abundance of organisms. We are interested in where 
organisms are found, how many occur there, and why... 

In the latter parts of the 19th and early parts of the 20th century, the 
distribution of organisms were studied within zoology, limnology, 
palaeontology and other fields of ecology, but interactions between scientists 
from the different scientific disciplines were at best infrequent. It was not 
until the end of the 20th century that biogeography was recognised as a 
separate discipline (Brown, 2004). Key works such as MacArthur and 
Wilson’s island biogeography (MacArthur & Wilson, 1967) created interest 
in several of the traditional fields and contributed to the emergence of 
biogeography as a discipline of its own.  

Biogeographical theories, in other words theories of how species are 
distributed and what controls these distributions, were early on suggested to 
be useful for ecological applications, such as design of nature reserves (e.g. 
Diamond, 1975). A number of applications have been and are currently 
being developed with the aim of predicting the distribution of species in 
time or space, and are accordingly referred to as species distribution models 
(SDMs; also called niche models, suitable habitat models and bioclimatic 
envelope models). The main idea behind SDMs is that it is possible to relate 
environmental factors to species distributions using statistical functions or 
algorithms. The SDMs can then be applied to new environmental data to 
interpolate or extrapolate the species distribution in space or time, for 
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applications such as risk assessments of biological invasions or estimations of 
the effect of global change on biodiversity. Already in the 1920s, Johnstone 
(1924; cited in Mack, 1996) used correlations between the distribution of an 
invasive cactus species and environmental variables to predict the potential 
spread of the cactus species in Australia. Another early example, also from 
Australia, is the prediction of the distribution of crop species by Nix and co-
workers (Nix et al. 1977; cited in Guisan & Thuiller, 2005). However, it 
was not until the end of the 20th century and the beginning of the 21st 
century that SDMs generated a wider interest. 

During the last decades, developments in computer technology making it 
easier to handle large amounts of data, and infrastructure making the data 
easily accessible through the Internet, have facilitated the increasing interest 
in SDMs. Species records from, for example, museum collections, surveys 
and monitoring programs have been digitalized and made freely available via 
the Internet by networks such as the Global biodiversity information facility 
(GBIF; www.gbif.org), which currently contains 267 374 7671 records of 
species occurrences, and the Swedish Species Gateway (Swedish Artportalen; 
www.artportalen.se), which currently contains 27 514 9421 recorded species 
observations. Environmental data such as climate (e.g. Worldclim, 
www.worldclim.org) and land use (e.g. Corine, Commission of the 
European Communities, 1995) have also become easily available in digital 
form. 

1.1 Global change and environmental management 

Another reason for the increased interest in SDMs is the ongoing impairment 
of global biodiversity and consequent threats to ecosystem services (Harrison 
et al., 2010) and human livelihood and wellbeing, which have prompted the 
need for new tools for management of biodiversity (Olden et al., 2006). 
Despite ambitious initiatives such as the 2010 Biodiversity Target (Secretariat 
of the Convention on Biological Diversity, 2010), which stated that the loss 
of biodiversity should have come to an end by 2010, the situation is still 
severe. It is estimated that the current extinction rate is 100 to 1 000 times 
the historical average (Pimm et al., 1995). Freshwater habitats seem to be 
more sensitive than terrestrial (Dudgeon et al., 2006). Ricciardi and 
Rasmussen (1999) estimated that the extinction rate of North American 
freshwater fauna is five times higher than the extinction rate of terrestrial 
fauna. One reason for the high extinction rates could be the problems 

                                                 
1 2011-02-02 
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associated with management: rivers and lakes are not only affected by direct 
pressures, but also by anthropogenic disturbances in the entire catchment 
(Lake et al., 2007). 

Freshwater ecosystems are vital to human livelihood and wellbeing – 
water is used for everything from drinking and irrigation to power 
production and recreational activities. Although freshwater ecosystems cover 
only 0.01% of the Earth’s surface (Balian et al., 2008), the value of ecosystem 
services provided by freshwater ecosystems has been estimated to make up 
20% of the total value provided by all ecosystem services on Earth (Costanza 
et al., 1997). Furthermore, freshwater ecosystems contain a disproportionate 
amount of the Earth’s biodiversity: 9.5% of the planet’s described animal 
species and 35% of the described vertebrate species are found in freshwater 
habitats (Balian et al., 2008).  

For sound management of biological resources, it is essential to monitor 
and assess the status of ecosystems throughout the world. Most assessment 
methods are based on the concept of comparing the current state with a 
reference state, which could range from pristine to best attainable (Stoddard et 
al., 2006). Biological records of pre-industrial or pre-agricultural conditions 
are often not available and therefore the biological reference state must be 
derived from other sources, for example palaeoecological studies or 
unimpacted ecosystems believed to be similar to the studied ecosystems. In 
aquatic environmental assessment, modelling approaches are commonly used 
to assess pre-anthropogenic states. The general idea of models for reference 
communities is that it is possible to predict the species composition that a 
site would have if it was unaffected by human-induced pressures. This is 
done by creating a model for species composition using sites defined as 
references and environmental variables unaffected by human activities. The 
obtained “natural” or “reference” species composition can then be 
compared with the actual (observed) species composition. One of the most 
used approaches to model reference state species composition is the River 
InVertebrate Prediction and Classification System (RIVPACS), which was first 
developed in the United Kingdom during the late 1970s and 1980s (Moss et 
al., 1987). Similar approaches have also been developed for other countries, 
taxa and habitats, for example invertebrates in lakes in Sweden (Johnson, 
2003) and invertebrates, fish (Carlisle et al., 2008) and benthic diatoms (Cao 
et al., 2007) in streams in the United States. 

For species distribution models to be successful tools in applied ecology it 
is desirable to further improve models and analyze sources of model error. 
Much research has been focused on development and evaluation of new 
statistical methods (see e.g. Elith et al., 2006). However, several studies have 
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shown that the differences in model performance often are greater between 
species than between modelling methods (e.g. Guisan et al., 2007; Thuiller, 
2003). It is therefore important to know if there are systematic errors in 
model performance caused by differences in ecological properties of species 
and ecosystems. There are indications that species characteristics such as 
range size (Newbold et al., 2009), niche width (Kadmon et al., 2003) and 
prevalence (Franklin et al., 2009) affect model accuracy, although the effect 
varies between studies. For example, Marmion et al. (2009a) found that 
models in their study were less accurate for more common species and 
argued that species with low prevalence often have narrow biological niches 
and therefore are easier to model. By contrast, Seoane et al. (2005) argued 
that model accuracy, found to be low for relatively rare species, was 
explained as an artefact of the model used; the regression trees in their study 
were better calibrated with more observations (“presences”). Another 
species characteristic that could potentially affect model accuracy is dispersal 
ability. For example, even though the environment at a site is suitable for a 
species, it is not certain that the species has been able to colonize the habitat. 
The relative importance of the environment and dispersal for species 
distributions and assemblage composition has been debated in ecology (e.g. 
Mazaris et al., 2010). 

Another issue relevant to SDMs, which have been extensively debated 
within ecology, is whether species respond to changes in environment as 
individuals or if discrete species assemblages (communities) exists (McIntosh, 
1995). These two different views become important when models are 
developed for predictions of entire community compositions. Either all 
species in the communities can be modelled individually (species-by-species 
modelling) or community information could be incorporated into the 
models (e.g. by the so called classification-then-modelling approach). 
Advocates of species-by-species modelling argue that species respond 
individually to environmental gradients and that discrete communities do 
not exist in nature, whereas advocates of classification-then-modelling argue 
that species interactions can be included and improve model performance 
(Olden et al., 2006; Ferrier et al., 2002). 
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2 Objectives 

The main objective of this thesis was to assess possible improvements of 
species distribution models and methods for ecological assessment by 
answering the following questions: 
 

 Can phytoplankton reference-state composition be modelled? (paper 
I) 

 Does the species-by-species modelling approach improve model 
accuracy compared to the community-based RIVPACS approach? 
(paper I) 

 Is the distribution of species with poor dispersal ability less well 
predicted than the distribution of species with relatively high dispersal 
ability? (paper II) 

 Is the species composition of ecosystems that are relatively difficult for 
organisms to colonize, such as small ecosystems and isolated 
ecosystems, more difficult to model than larger ecosystems and 
ecosystems with high connectivity? (paper II) 
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3 Methods 

3.1 Data 

The data used in these two studies were collected within the Swedish 
environmental monitoring programs.  

3.1.1 Water chemistry 

Surface water (approximately 0.5 m depth) samples were collected at a mid-
lake station in each lake. Water samples were collected with a Plexiglas 
sampler and kept cool during transport to the laboratory. Samples were 
analysed for variables indicative of acidity (e.g. pH and SO4

2- concentration), 
nutrients (e.g. total nitrogen, total phosphorus), water colour (absorbance of 
filtered water measured at 420 nm), as well as total organic carbon and 
concentrations of major base cations. All water analyses were done at the 
Department of Aquatic Sciences and Assessment according to international 
(ISO) or European (EN) standards when available (Wilander et al., 2003). 

3.1.2 Phytoplankton 

Phytoplankton was sampled in August of each year by taking a water sample 
from the epilimnion (0–4 m) using a Plexiglas tube sampler (3 cm diameter). 
August phytoplankton samples are often used for environmental assessment 
in Sweden (Anonymous 2000), as the August assemblages are regarded as 
relatively stable (Reynolds 1988) and are comparable between the south and 
the north of the country. In lakes with a surface area >1 km2, a single mid-
lake site was used for sampling. In lakes with a surface area <1 km2, five 
random epilimnetic water samples were taken and mixed to form a 
composite sample from which a subsample was taken. The samples were 
preserved with acid Lugol’s iodine solution (Throndsen 1978). 
Phytoplankton counts were made using an inverted light microscope and 
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the modified Utermöhl technique commonly used in the Nordic countries 
(Olrik 1989). Taxa were identified to the lowest taxonomic unit possible 
(usually species). 

3.1.3 Invertebrates 

Benthic invertebrates were collected from two habitats in late autumn 
(October–November) each year. Littoral samples were collected using 
standardized kick sampling (European Committee for Standardization 1994) 
with a hand net (0.5 mm mesh size). A composite sample consisting of five 
standardized kick samples (20 s duration, 0.25 m × 1 m long at about 0.5 m 
depth, total area 1.25 m2) was taken from hard-bottom, vegetation-free sites 
in each lake. Profundal samples consisted of five replicate Ekman samples 
(~247 cm2) taken in the deepest area of the lake. Invertebrate samples were 
preserved with 95% ethanol in the field (final concentration approximately 
70%). The samples were processed by sorting with 10 times magnification in 
the laboratory. Invertebrates were identified and counted using dissecting 
and light microscopes. Organisms were identified to the lowest taxonomic 
unit possible, generally to species level. Sorting and taxonomical 
identification were done according to quality control and assurance 
protocols. 

3.1.4 Geography and climate 

Besides water chemistry, environmental data were acquired from digital 
maps (altitude, lake surface area, catchment area) and from the Swedish 
Institute for Climate and Hydrology (temperature, precipitation and runoff). 
Land use data were acquired from Corine (Commission of the European 
Communities, 1995). 
 

3.2 Methods used for paper I 

In the first study, the performance of two modelling approaches for 
predicting reference-state phytoplankton community composition was 
compared. The two modelling approaches differ in that one utilizes 
community information (a RIVPACS-type model), whereas the other fits a 
model for each species independently of other species (species-by-species 
models). 

For both modelling approaches the random forest modelling method was 
used (Prasad et al., 2006; Liaw & Wiener, 2002; Breiman, 2001). Random 
forest is an improved version of a method called classification trees (Breiman et 
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al., 1984). A classification tree model is constructed by identifying and 
splitting the single best predictive variable into two subsets of observations. 
Subsets are split again and splitting is repeated until each “node” contains 
only one category (i.e. presences or absences) or a pre-selected minimum 
number of sites. The random forest method combines several trees using a 
technique called bootstrap aggregating (bagging). Each tree is constructed 
independently of the previous tree, using a random subset of predictor 
variables for each split and a bootstrap sample of sites for each tree. The 
prediction is decided by majority vote. The random forest modelling 
technique has been successfully used in several ecological studies (e.g. Cutler 
et al., 2007). 

For the community model the River InVertebrate Predictive and 
Classification System (RIVPACS) method was used (Moss et al. 1987). The 
RIVPACS approach is based on classification of sites using species 
composition. Traditionally multiple discriminant analysis has been used to 
derive equations that predict the site-group membership, but other statistical 
methods can be used. In this study, random forest was used. The modelling 
functions predict the probability for each site to belong to one of the pre-
defined biological groups. The probability for individual species is then 
calculated as the prevalence of the species in each group, weighted by the 
probability of the site belonging to the corresponding group. 

For the species-by-species modelling approach random forest was used, 
with the same setting and the same environmental variables as in the 
RIVPACS model. One random forest model was fitted for each species.  

A null model, which assumes that species distribution and assemblages 
composition is independent of environmental gradients, was also used. 
According to the null model, the occurrence probability for each species 
equals the prevalence of the focal species in the calibration data. In other 
words, if a species is found in half of the calibration lakes there is a 50% 
probability that the species exists in any given lake, regardless of the lake’s 
nutrient levels, pH, climate and other environmental factors. 

When the probability of species occurrences have been estimated, 
different indices can be calculated. The most common index derived from 
the RIVPACS model is taxonomic completeness, also called the observed to 
expected (O/E) ratio. Simply put, this is an index of how many of the 
reference-state species that are recorded as being present at a site. The 
expected richness (E) is the sum of all occurrence probabilities above a 
selected threshold and the observed richness (O) is the number of species 
that both have an occurrence probability above the threshold and are found 
at the site. The ratio of O to E then indicates how much the species 
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composition of a site deviates from the reference-state species composition. 
A value near 1.0 indicates that the studied site is close to its “reference state” 
and values considerably lower than 1.0 indicate that the site is impaired. 
Taxonomic completeness (O/E) was calculated for the references lakes using 
all possible thresholds from 0 to 0.50 in intervals of 0.01 (51 different 
thresholds). 

A dissimilarity measure similar to the Bray-Curtis index, called BC (Van 
Sickle, 2008), was calculated as an alternative to O/E. BC compares the 
predicted probabilities for occurrence and the observed assemblage 
taxon-specifically, and includes all taxa regardless of occurrence probability. 
The BC index ranges from 0 to 1, and high values indicates a large difference 
between observed species assemblage and predicted reference-state species 
assemblage. 

The models were also compared on a species basis using AUC, the Area 
Under the Receiver-Operator Curve (ROC), a metric commonly used in 
SDM studies because it is insensitive to species prevalence and because it does 
not require a threshold value to convert probabilities to presence-absence 
(Manel et al., 2001). The value of AUC ranges from 0 to 1, with high values 
indicating more accurate models. 

SDMs can produce two kinds of erroneous predictions: (1) a species can 
be predicted as absent when it is actually present and (2) a species can be 
predicted as present when it is actually absent. Because the O/E index could 
be misleading due to omissions of the former, the proportion of species 
correctly predicted as present was calculated (true positive proposition; TPP) 

The models were also applied to lakes affected by either eutrophication 
or acidification and the BC index was calculated to determine the effect of 
these stressors on phytoplankton assemblages.  

The methods are described in detail in the original paper (paper I). 

3.3 Methods used for paper II 

In the second study, the difference in model accuracy between species with 
different dispersal ability and between ecosystems with different spatial 
configuration was examined. The occurrence probabilities for 164 littoral 
and 44 profundal invertebrate taxa and 129 phytoplankton taxa in 105 lakes 
were predicted. The modelling was performed using the modelling platform 
BIOMOD (Thuiller & Lafourcade, 2010) in the R-software (R Development 
Core Team, 2010). Six different modelling methods were used, all of which 
have been shown to perform well for ecological predictions (e.g. Elith et al., 
2006). The methods represent three classes of modelling methods, namely 
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classification (classification tree analysis and mixture discriminant analysis), 
regression (generalized linear models and multivariate adaptive regression splines) 
and machine learning (generalized boosting models and random forests). For each 
species, the occurrence probabilities produced by the six models were 
averaged; mean occurrence probability is a consensus method that has been 
shown to be robust in other ecological studies (Marmion et al., 2009b). 
Cross-validation was used to obtain AUC values independent of calibration 
for all species distribution predictions (taxa-AUC) and for all assemblage 
predictions (lake-AUC). 

In order to analyze differences in model performance between species 
with different dispersal abilities, the invertebrate taxa were divided into 
three classes according to their flight ability (no, low, or high). Odonata 
were the largest (flying) organisms in the dataset and were classified as 
having high flight ability; other insects were classified as having low flight 
ability, and wingless invertebrates were classified as having no flight ability. 
T-tests were used to test differences in taxa-AUC between the three groups. 
For taxa recorded from both littoral and profundal habitats the highest AUC 
was used. 

Geographical descriptors of a lake’s spatial configuration were used to test 
if accuracy in assemblage prediction differed between ecosystems. Altitude, 
distance to neighbour lakes, total surface area of other lakes and streams in 
the catchment and number of lakes within buffer zones (100 m, 200 m, 500 
m, 1 000 m, 5 000 m and 10 000 m) were used as indicators for 
connectivity, and lake surface area and catchment size were used as 
indicators of ecosystem size. Spearman correlations between lake-AUC and 
connectivity and ecosystem size were calculated to test the importance of 
spatial configuration on model performance. 

The methods are described in detail in the original paper (paper II). 
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4 Results & Discussion 

4.1 Comparison of RIVPACS modelling and species-by-species 
modelling 

Predicted taxa assemblage compositions were similar between the RIVPACS 
model and the random forest models. The species-by-species models were 
more accurate according to both the dissimilarity measure BC, the 
proportion of true positives and AUC; the latter metric is the most frequently 
used measure for determining model accuracy of species distribution models 
(Figure 1). Contrastingly, according to taxonomic completeness (O/E), 
which is often used for RIVPACS modelling, the RIVPACS model was the 
most accurate approach for most probability thresholds tested, although no 
significant difference in mean O/E00 was found. 

The community-types (cluster groups) used in RIVPACS could be seen as 
unrealistic, since it is unclear whether such groups exist in nature (see 
review by McIntosh, 1995). However, the use of community-types has also 
been argued as one of the strengths of RIVPACS models, since information 
on species interactions (i.e. co-occurrences and exclusion) is indirectly 
included in the groups (Johnson, 2000). Furthermore, the groups used by 
RIVPACS are not used as discrete entities, but instead the probabilities of 
membership to all groups are used to calculate occurrence probabilities. 
Whether or not community information improves models might depend on 
the species being modelled. For example, Leathwick et al. (2006) found 
small differences in mean accuracy between models (multivariate adaptive 
regression splines) used with and without a community addition, but showed 
that for rare species the community model performed better. However, the 
results from this study showed that species-by-species models were more 
accurate for predictions of rare species, compared to the RIVPACS model. 
 



 24 

 

 
Figure 1. Boxplot of model accuracy for assemblage composition in the 
reference lakes, measured as O/E00, BC and TPP, and AUC for species 
distributions in the reference lakes. O/E00 is a measure of taxonomic 
completeness (accurate models have O/E close to 1.0), BC is a dissimilarity 
measure between modelled and observed assemblage (accurate models have 
low BC values), true positive proportion (TPP) is the proportion of species 
found in a lake predicted to be present (accurate models have high TPP), and 
AUC, area under receiver operator curve, is a measure of the models’ ability 
to separate presences from absences (accurate models have high AUC). 
Significantly different means between models according to ANOVA with 
post-hoc Tukey-Kramer test are indicated by different letters. 

When the models were applied to lakes judged to be impaired according to 
water chemistry and land use variables, all models, including the null model, 
resulted in significantly lower BC values for both acidified and eutrophied 
lakes, compared to reference lakes. Hence, both modelling approaches could 
be used in lake management to gauge the effects of human-induced stress on 
boreal lake ecosystems. 
 

4.2 Effect of dispersal-related factors on species distribution 
model accuracy 

According to the postulated hypothesis, model accuracy would be lower for 
species with low or no flying ability compared to organisms with high 
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dispersal ability. However, no effect of invertebrate flight ability on model 
accuracy was found (Figure 2). Furthermore, no effect of ecosystem size on 
model accuracy was detected (Table 1), although it is well known within 
ecology that larger ecosystems are easier to colonize (MacArthur & Wilson, 
1967). Probably, most taxa are not dispersal-limited and have had time to 
colonize all suitable habitats within the studied area. Another reason for the 
small effect of dispersal, ecosystem size and connectivity is that the models 
developed here partly account for dispersal and colonization, because factors 
indicating colonization potential, such as lake surface area, were included as 
predictor variables. In contrast to flight ability and ecosystem size, some 
effects of connectivity on the accuracy of predictions were found for 
phytoplankton assemblages and littoral invertebrate assemblages, which were 
less well predicted for isolated lakes (Table 1). Possibly, the difference 
observed in model performance between the two invertebrate habitats could 
be because the environment of littoral habitats are relatively unstable (e.g. 
due to abrasion of ice and wave action) compared to profundal habitats. 
Littoral invertebrate composition might therefore be more dependent on re-
colonization and connectivity. The effect of connectivity on phytoplankton 
predictions are more difficult to explain; microorganisms are often believed 
to have “ubiquitous dispersal“ (Finlay, 2002), although this is debated (see 
e.g. Foissner et al., 2003), and phytoplankton dispersal mechanisms are 
poorly studied (Kristiansen, 1996).  
 
 

 
Figure 2. Boxplot of model accuracy per taxa grouped according to their flight ability. 
Lettering indicates significantly different means (t-test, p≤0.05). 
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Table 1. Correlations (Spearman ρ) between per lake prediction accuracy (Area under receiver operator 
curve, AUC) and indicators of ecosystem size and spatial configuration. Distance neighbour is the distance 
to the closest and 2nd, 5th and 10th closest neighbour lake and N lakes is the number of lakes with 100, 
200, 500, 1 000 and 5 000 meter buffer zones round the lake shoreline. Variables that were 
significant are shown in bold: * p≤0.05, ** p≤0.01, ***p≤0.001 

  Littoral Profundal Phytoplankton 

lake surface area -0.19 -0.05 0.15 

catchment area -0.13 0.05 0.14 

water (excl. study lake) -0.07 0.08 0.13 

altitude -0.05 -0.14 0.53*** 

distance neighbour 1 -0.27** -0.01 -0.04 

distance neighbour 2 -0.23* 0.04 -0.02 

distance neighbour 5 -0.21* 0 -0.08 

distance neighbour 10 -0.21* -0.01 -0.16 

N lakes 100 m 0.01 -0.03 -0.09 

N lakes 200 m -0.01 -0.02 -0.02 

N lakes 500 m 0.11 -0.02 0.08 

N lakes 1000 m 0.08 -0.11 0.1 

N lakes 5000 m 0.18 0.03 0.26** 

N lakes 10000 m 0.14 0.05 0.32*** 
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5 Conclusions 

Biodiversity throughout the world is under immense threat (e.g. Sala et al., 
2000; Pimm et al., 1995). Models for predicting species distributions and 
assemblage composition, based on a long history of ecological research, 
could be valuable tools for management and policy development. Already 
today, species distribution models are used to predict consequences of global 
change on biodiversity (e.g. Thuiller et al., 2005), to assess the ecological 
status of ecosystems (e.g. Hargett et al., 2007) and to assess the risk of 
biological invasions (e.g. Peterson & Vieglais, 2001). However, 
improvements in modelling techniques and further insight into the 
ecological theory behind the distribution of species could facilitate additional 
applications and improve the accuracy of model predictions. In this thesis, I 
conclude that: 
 

1. phytoplankton can be used in modelled-based assessment of ecological 
status; 

2. the species-by-species model approach can produce more accurate 
models than the classification-then-modelling (community) approach; 

3. AUC and BC are better metrics for model evaluation than O/E; 
4. neither dispersal ability nor ecosystem size affects model accuracy; 
5. connectivity affects model accuracy of littoral invertebrates and 

phytoplankton assemblages. 
 

These findings add to current knowledge of species distribution models and 
uncertainties associated with model predictions, and can hopefully aid the 
further development of valuable tools for biodiversity management. For 
example, models for environmental assessment could be improved if species 
are modelled independently, although community-models could possibly be 
improved if multiple organism groups (e.g. phytoplankton and zooplankton) 
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are included in the model development. Furthermore, to account for 
dispersal-related errors, model developers should, if possible, include 
predictor variables such as ecosystem size and altitude in their models. 
However, the questions studied in this thesis should be further examined 
with other taxa and ecosystems, and complementary methods, such as 
genetics and experiments, should be used to gain a better understanding of 
the ecological processes that influence the distribution of organisms. 
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6 Sammanfattning på svenska 

Människans nyttjande av jordens resurser innebär stora påfrestningar för den 
biologiska mångfalden. Många arter har försvunnit, och ekosystemtjänster 
som är nödvändiga för människors försörjning och välbefinnande är hotade. 
För förvaltning av den biologiska mångfalden krävs att ekologiska teorier 
kan användas för att skapa praktiska verktyg. Vilka faktorer som styr djurs, 
växters och andra organismers utbredning har länge studerats inom ekologin. 
Dessa kunskaper ligger till grund för en samling ekologiska verktyg som 
kallas för artutbredningsmodeller eller habitatmodeller. Grundidén med 
artutbredningsmodeller är att organismers utbredning till stor del styrs av 
miljöfaktorer, och att det därför är möjligt att med hjälp av matematiska och 
statistiska modeller prediktera organismers utbredning inom områden där 
man känner till miljöförhållandena. Artutbredningsmodeller används bland 
annat för att förutsäga möjliga konsekvenser av klimatförändringar, för att 
bedöma risken för spridning av främmande arter och för att bedöma 
tillståndet i miljön (ekologisk status).  

Målet med detta avhandlingsarbete var att förbättra kunskaperna om 
artutbredningsmodeller genom att jämföra olika metoder för att modellera 
artsammansättningar (studie 1) och undersöka hur arters och ekosystems 
egenskaper påverkar modellers noggrannhet (studie 2). 

Vid bedömning av ekologisk status med hjälp av modeller brukar 
vanligtvis hela organismgruppers artsammansättning modelleras. Det finns då 
två alternativ: antingen kan varje arts utbredning modelleras enskilt, eller så 
kan information om artsamhället inkluderas i modellerna. I den första 
studien i avhandlingen undersöktes modeller för växtplankton i sjöar, och 
resultaten visade att artspecifika modeller var mer noggranna än modeller 
som byggde på artsamhället sammansättning. Resultaten visade också att 
växtplankton kan användas för modellbaserade bedömningar av tillståndet i 
sjöar, vilket är viktigt eftersom EU:s vattendirektiv föreskriver att 
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växtplankton ska användas för klassning av ekologisk status av unionens 
sjöar. 

En mängd olika tekniker (statistiska metoder, algoritmer) har utvecklats 
för att prediktera artutbredningar, men flera studier har visat att skillnaden i 
noggrannhet är större mellan olika arter än mellan olika modeller. För att 
modellprediktioner ska vara tillförlitliga är det viktigt att förstå vad 
skillnaderna mellan arter beror på. En av anledningarna till denna variation 
kan vara att en del arter inte lyckas sprida sig till alla lämpliga habitat på 
grund av begränsad spridningsförmåga.  

Resultaten från den andra studien i avhandlingen, i vilken modeller för 
bottenfauna (makroevertebrater) och växtplankton i sjöar undersöktes, 
visade att utbredningen för evertebrater utan vingar eller med sämre 
flygförmåga inte var svårare att prediktera än utbredningen för evertebrater 
med god flygförmåga. Det var inte heller svårare att prediktera 
artsammansättningen i sjöar som antogs vara svårare att kolonisera, det vill 
säga mindre sjöar och sjöar med mindre avrinningsområden. Resultaten 
visade dock att artsammansättningen av evertebrater i litoralzonen var 
svårare att prediktera i sjöar som har relativt få andra sjöar i närheten. Det 
kan bero på att miljön i litoralzonen är instabil och att populationerna där 
lättare slås ut, och därför är beroende av återkoloniseringar från närliggande 
populationer. 

Resultaten från den här avhandlingen bidrar med kunskaper om 
artutbredningsmodeller och modelprediktioners osäkerhet, och kan 
förhoppningsvis användas för att förbättra artutbredningsmodeller som 
verktyg för förvaltning av den biologiska mångfalden.  
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