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Abstract

The study of geographical ecology is about 
how species populations are distributed in space 
and time. Using a model-based approach to 
study ecological processes controlling species 
distributions provides us with the means to 
compare different ecological hypothesis, predict 
a distribution of a species population in locations 
we have not sampled, and assess uncertainty of 
the predictions. Such models are practical tools 
for environmental management as well.

For this doctoral thesis, I studied 
statistical modeling methodologies to reveal 
and accommodate model uncertainties, 
which originate from natural variation of the 
environment, inconstant surveying, and lack 
of important ecological covariate data from a 
model. I apply the methods to improve decision 
making process in conservation planning.

As a case study I examined how Arctic 
marine environment has changed during the 
recent decades and how severely the Arctic 
marine mammals are exposed to stress from 
environmental change and disturbance from 
marine traffic in the Siberian Shelf Sea area. 
First, to assess the magnitude of change of the 
hydrographic conditions, I applied spatially-
explicit prediction method, which accounts 
for uncertainties especially from strong spatio-
temporal variation of the environment. Second, 
I developed a method for jointly analyzing 
different types of species observations, generated 
by heterogeneous sampling methods. Third, 
I combined species distribution predictions 
with the locations of marine traffic routes 

to define the mortality risk marine oil spill 
accidents pose to different species. Lastly, I 
developed approaches for further utilizing prior 
information in ecological models to improve 
the identifiability of the different processes that 
control distributions of species populations. I 
demonstrated this approach on vegetation data 
in northern Norway.

This thesis shows, that the western part of the 
Siberian Shelf Area has become warmer and less 
saline during 1980-2000, but the magnitudes of 
changes are highly uncertain. The Arctic marine 
mammals in that area have responded to changes 
in physical environment, particularly diminishing 
ice cover, by changing their spatial distributions 
(ringed seal and polar bear), or becoming less 
abundant in their original distributional area 
due their inability to change their home ranges 
(walrus). The risks of the Arctic marine mammals 
to become exposed to oil spills are uncertain due 
to predictive variance of the species distribution 
models and natural variation of the environment. 
On average, spring is the riskiest season for 
oil transportation with respect to the hazards 
posed to the Arctic marine mammals. Lastly, 
the identifiability and predictive accuracy of 
species distribution models were improved by 
steering the inference with prior restrictions on 
the random effects, which reflect the unobserved 
ecological processes.

This thesis shows that methods for 
propagating uncertainties into model predictions 
from data and model structure are essential for 
testing ecological hypothesis and predicting into 
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novel areas. Random effects may accommodate 
assumptions about varying sampling methods 
and unobserved ecological processes, but 
they need to be restricted appropriately not to 
allow them to run over the covariate effects. 
The methods developed here allow to utilize 
different data sets and help in tackling shortage 
of observational data in remote areas. They also 
assist in making more credible predictions for 
example into novel climatic conditions. Further, 
this thesis suggests of propagating uncertainties 
into areal and temporal comparisons of model 
predictions from predictive variance and natural 
variation of the environment. These are essential 
prediction steps to create credible information for 
comparing different decisions in environmental 
management. In general, this thesis provides tools 
to detect ecological and environmental changes 
and approaches how to adjust environmental 
management to those changes.
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Introduction

How to detect environmental 
changes?

The physical environment changes 
constantly through fluxes of material and energy. 
Characteristics of environmental conditions 
range from slowly evolving geological 
formations to rapidly-developing weather 
events (Haggett, 2001). Average conditions, like 
topographical ruggedness or climate, and local 
fluctuations, like local topographic position or 
extreme weather events, control the viability of 
populations of organisms (Levin, 1992). In the 
past few centuries, the anthropogenic footprint 
on the environment has increased, impacting the 
living conditions of many species. Changes in 
land cover (Newbold et al., 2015), climate (I.-C. 
Chen, Hill, Ohlemüller, Roy, & Thomas, 2013; 
Dornelas et al., 2014), and weather conditions 
(Lunn et al., 2016) have, in most cases, reduced 
the viability of species populations.

Reducing ecological degradation demands 
a quantitative understanding of the dynamics 
of the environment and species populations 
(Evans et al., 2013). Information about how 
climate and other physical attributes of habitats 
are expected to change, and how species respond 
to such changes constitute the basis of effective 
conservation planning and environmental impact 
assessment (Figure 1) (Burgman, Lindenmayer, 
& Elith, 2005). Statistical models provide a 
means to create quantitative information based 
on empirical data (Austin, 2002). In this thesis, 
I applied statistical models for explaining and 
predicting environmental conditions in the 
marine environment to create spatio-temporally 
accurate habitat maps (chapter I, Figure 1). In 
addition, I applied statistical models for relating 
species detections to environmental conditions 
to characterize habitats. Lastly, I used the 

estimated species-environment relationships to 
predict spatio-temporal distributions of species 
populations (chapters II, III and IV). Statistical 
models had two purposes in the context of the 
thesis: (1) to provide a physical or ecological 
explanation for the observed pattern of the 
response variable, and (2) to predict the response 
variable in sampled and non-sampled data points 
(Figure 1).

Statistical models provide a more 
comprehensive approach for studying complex 
systems than simple statistics computed directly 
from empirical observations. Both approaches, 
statistical models and empirical statistics suffer 
from the high spatio-temporal variability of the 
response variable (Ewers & Didham, 2006; 
Williams, Hooten, Womble, Esslinger, & Bower, 
2017) and limited data (Anderson, 2018; Pereira, 
Navarro, & Martins, 2012; van Proosdij, Sosef, 
Wieringa, & Raes, 2016; Wisz et al., 2008). 
Still, these issues more severely compromise the 
ability of empirical statistics to confirm temporal 
and areal differences in physical conditions and 
species distributions (Matishov, Chelintsev, 
Goryaev, Makarevich, & Ishkulov, 2014).

The benefit of using statistical models over 
empirical statistics is that models provide a 
means to estimate the effects of covariates and 
other processes on the response variable, use 
the estimates for prediction, and quantify the 
uncertainty of estimates and predictions (Clark, 
2005; Steele & Ermold, 2004). Explaining 
variation in the response variable with covariates 
extends information about the study system 
compared to empirical statistics, and allows for 
the prediction of non-sampled locations to fill 
spatio-temporal holes in the data (Domisch et 
al., 2019). Uncertainty is an important feature 
for comparing different models and hypotheses, 
as it weighs the gained understanding that model 
estimates create about the study system (Evans, 
Norris, & Benton, 2012).
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Statistical models and their predictions 
develop an understanding of environmental 
changes and the viability of species populations 
(Kearney, Wintle, & Porter, 2010). Hence, 
predictions have a central role in ecology and 
environmental sciences (Houlahan, McKinney, 
Anderson, & McGill, 2017). Predictions guide the 
development of theoretical hypothesis (Houlahan 
et al., 2017), and provide information for survey 
design (J. Liu & Vanhatalo, 2020; Williams et 
al., 2017), environmental management, and 
conservation planning (Gupta et al., 2019; 
Mannocci et al., 2017). Therefore, the objective 
of statistical modeling in environmental sciences 
and ecology is to provide accurate estimates 
for covariate effects and realistic estimates of 
uncertainty (Clark, 2005).

Predictive uncertainty is important for 
conservation planning because it affects the 
expected utility of different conservation actions 
(Beale & Lennon, 2012; Burgman et al., 2005). 
Uncertainty tends to increase, particularly when 
models are used to predict future conditions or 
current conditions in non-surveyed areas (Beale 
& Lennon, 2012; Wiens, Stralberg, Jongsomjit, 
Howell, & Snyder, 2009). This is due to unfamiliar 
combinations of predictive variables and a lack of 
data for some model parameters, like interspecific 
dependencies (Guisan & Thuiller, 2005; Wiens 
et al., 2009). In that sense, uncertainty quantifies 
the lack of knowledge, when prediction locations 
are far from study area or prediction conditions 
are different from those used to train the model 
(Williams & Hooten, 2016).

This thesis is based on four chapters, 
which address model properties for detecting 
temporal changes in environmental conditions 
and species distributions (chapters I and II), and 
delivering predictions of species distributions for 
conservation planning (chapter III). Chapter (I) 
derives spatially continuous mappings of abiotic 
covariates based on point-wise observational 

data in the Arctic. Chapter (II) characterizes 
the environmental habitats of the Arctic marine 
mammals and predicts the distribution of their 
populations throughout the study area. Chapter 
(III) examines the vulnerability of the Arctic 
marine mammals to oil spill hazards using the 
models and model parameter estimates described 
in chapter (II), which can be used to predict 
species abundance in areas vulnerable to oil 
spills. See Figure 1 for a depiction of the general 
workflow of this thesis. Chapter (IV) explicitly 
studies the accuracy of abiotic covariate effect 
estimation and model prediction in such study 
settings where all essential abiotic covariates are 
not observed and accounted for in the model, and 
model estimates may be exposed to errors and 
systematic biases.

The models of marine environmental 
conditions discussed in chapter (I) aim to provide 
a high level of predictive accuracy in the study area 
and period, but do not attempt to explain spatio-
temporal patterns in environmental conditions 
through physical processes, as demonstrated by 
(Steele & Ermold, 2004; Steele, Ermold, & Zhang, 
2008). Contrary to the environmental models, 
the species distribution models (SDMs) used in 
chapters (II-IV) aim to provide a higher level of 
generality. SDMs explicitly formalize ecological 
processes into parameterized functions (Guisan 
& Zimmermann, 2000) and are intended to 
estimate parameter values from data (Connolly, 
Keith, Colwell, & Rahbek, 2017). Thus, 
parameterization of an SDM must be grounded 
in ecological theory, which allows us to make 
assumptions about abiotic conditions, where 
species may exist, and other specific processes 
controlling species distribution (Dormann et al., 
2012; Higgins, O’Hara, & Römermann, 2012). 
Next, I review those theories and their connection 
with the modeling choices I made in each chapter.
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Figure 1. Schematic outline of the workflow and how predictive models were used in this thesis. In chapter (I) 
point-wise observations of surface hydrography were modeled with external covariates, sea ice and climate index. 
The model predictions were further used in chapter (II) as covariates in addition to sea ice in a species distribution 
model. Models realied on actual species observations, and predicted the species-environment relationship 
and species abundance throughout the study area. Both types of predictions were supported with uncertainty 
estimates. In chapter (III), predicted distributions were used for overlay analysis in oil spill scenarios and for 
computing the proportions of species population under the oil spill impact. Chapter (IV) is not included here, since 
its’ ideas have not been commonly applied in ecological or species distribution modeling.
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Species distribution models (SDMs)
SDMs are a family of ecological models for 

studying species-environment relationships and 
predicting species distributions outside sampling 
localities (Guisan & Zimmermann, 2000) (Figure 
1, chapter II). They are a common tool used to 
study the dynamics of species populations (Boyd 
et al., 2017), geographic ranges (Araújo & Luoto, 
2007; Enriquez‐Urzelai, Kearney, Nicieza, & 
Tingley, 2019), and ecosystem functioning 
(Albouy et al., 2014). SDMs are popular because 
species occurrence and abiotic covariate data 
is widely available, and model predictions are 
easily interpreted (Elith & Leathwick, 2009).

SDMs are based on the theory of species 
environmental niches (Peterson et al., 2011). Based 
on the Hutchinsonian niche concept, a species 
exists in a given landscape if its’ growth rate in 
those conditions is positive (Hutchinson, 1978). 
Species observations allow for the estimation of a 
species’ realized niches, which are formed as the 
environmental space where the species’ realized 
growth rate is positive. The realized growth rate 
consists of the following components: intrinsic 
growth rate, density-dependency, interspecific 
interactions, and movement of individuals 
between habitats (Soberón & Nakamura, 
2009) (Figure 2). Additionally, there are other 
population dynamics related processes, such as 
allee effects, which create temporal stochasticity 
in the realized growth rate (Holt, 2009), but 
those are not discussed here. Intrinsic growth 
rate depends solely on abiotic conditions and 
is commonly referred to as “theoretical” or 
“Grinnelian niche” (Soberón, 2007). Interspecific 
interactions, historical dispersal, the movement 
of individuals, and population size-related 
limitations, such as density dependency, expand 
or constrain the environmental space in which 
a species exists and creates the realized niche 
(Hutchinson, 1978).

SDMs apply the Hutchinsonian realized 
niche concept and model species abundance 
or occurrence probability as a function of 
abiotic covariates, interspecific dependencies, 
movement, and population dynamics (Franklin, 
2010; Peterson et al., 2011) (Figure 2). The way 
these factors should be accounted for depends on 
the spatio-temporal scale and extent of the study, 
and the life-cycle and behavior of the studied 
species (Elith & Leathwick, 2009; Guisan & 
Thuiller, 2005). The effects of these factors are 
considered scale-dependent, meaning that the 
abiotic covariates control species distributions on 
the coarsest spatial scale, whereas interspecific 
dependencies, movement, and population 
dynamics control them on finer scales (Soberón 
& Nakamura, 2009; Wisz et al., 2013). However, 
there is evidence for strong interspecific control 
of species distributions on a continental scale as 
well (Araújo & Luoto, 2007; Heikkinen, Luoto, 
Virkkala, Pearson, & Körber, 2007; Wisz et al., 
2013). Modeling choices for different classes 
of species are provided, for example, for plants 
(Austin & Van Niel, 2011), birds (Frey, Hadley, & 
Betts, 2016), and marine mammals (Fernandez, 
Yesson, Gannier, Miller, & Azevedo, 2017; 
Mannocci et al., 2017).

In this thesis, I expand the niche concept to 
cover the effect of sampling effort as well. This 
restricts an SDM to cover the observed niche, 
as the species sighting locations depend on the 
sampling effort of the field survey (Reddy & 
Dávalos, 2003). Thus, sampling effort forms an 
additional factor in the framework, where there 
are already abiotic covariates and ecological 
factors (Peterson et al., 2011) (see Figure 1). 
For example, species sighting locations from 
citizen-science projects may depend on aerial 
accessibility because more observers create more 
species sightings (Monsarrat, Boshoff, & Kerley, 
2019). The hierarchy of abiotic covariates, 
ecological factors, and sampling effort is a central 
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framework in spatial ecology (Levin, 1992). 
The way the resolution and extent of the study 
correspond to the spatio-temporal scales of the 
aforementioned factors affects which processes 
can be estimated with an SDM, and the SDM’s 
estimation and prediction accuracies (Diez & 
Pulliam, 2007). Thus, I refer to the hierarchy of 
these different factors later in this thesis.

Effects of unobserved 
factors on estimation

An SDM’s estimation accuracy depends on 
how well it explains and partitions variations in 
species occurrence with abiotic and ecological 
factors. Many SDMs are fitted using only 
abiotic covariates. Interspecific dependencies, 
movement, population dynamics, and sampling 
effort are not considered (Araújo & Guisan, 2006). 
This type of overly sparse parameterization has 
two consequences: (1) because the ecological 
factors and sampling effort vary spatially, their 
spatial structure is transferred to the model’s 
residual errors, creating spatial autocorrelation 
(Dormann, 2007; Legendre, 1993). Here, 

Figure 2. A species’ realized niche is governed by 
the species’ intrinsic growth rate, biotic interactions, 
and movement. Here, the niche space is shown with 
respect to two covariates. The Biotic-Abiotic-Movement 
(BAM) -diagram is modified from (Soberón, 2007).

residual errors refer to the deviation between 
predicted values and true values. (2) when 
collinearity exists between abiotic covariates, 
ecological factors, and sampling effort, the 
estimated covariate effect reflects the joint effect 
of the covariate and the unobserved factor (Kühn, 
2007) (Figure 3: panel B).

In the first case, spatial autocorrelation 
of the model’s residual errors violates the 
assumption of a linear model that random 
errors are independently distributed (Kissling 
& Carl, 2008; Lichstein, Simons, Shriner, & 
Franzkreb, 2002). If the spatial correlations of 
model residuals are not explicitly modeled, the 
model uncertainty is unrealistically low and 
further provides overly confident estimates of 
the covariate effects (Beale, Lennon, Yearsley, 
Brewer, & Elston, 2010; Legendre, 1993). Such 
overly optimistic estimations of uncertainty 
compromise the utility of the model for 
comparing ecological hypotheses or providing 
information for environmental management 
(Barry & Elith, 2006). For example, an SDM 
may not be able to explain variation in species 
occurrence originating from a species’ dispersal 
trend. Thus, model residual errors reflect the 
spatial pattern of dispersal and are exposed to 
spatial autocorrelation (Latimer, Banerjee, Sang, 
Mosher, & Silander, 2009).

In the second case, where abiotic covariates 
correlate with ecological factors or sampling 
effort, the estimate for the covariate effect is 
systematically biased, but the model residual 
errors are not exposed to spatial autocorrelation 
(Kissling & Carl, 2008; Kühn, 2007). There are 
few example studies, where unobserved abiotic 
and biotic covariates (Araújo & Luoto, 2007; 
Heikkinen et al., 2007; Kühn, 2007) or sampling 
effort (Warton, Renner, & Ramp, 2013; Veloz, 
2009) have created erroneous or systematically 
biased estimates for the effects of abiotic 
covariates. Biased covariate effect estimates 
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produce poor predictions for new, non-sampled 
locations, where the correlation between the 
covariate and the unobserved process is altered 
(Feng, Park, Liang, Pandey, & Papeş, 2019).

Despite I presented spatial autocorrelation of 
model residual errors and erroneous covariate 
effect estimates as separate cases here, in many 
studies, the ecological factors and sampling effort 
are partially collinear with abiotic covariates. 
Thus, the estimation of abiotic covariate effects 
suffers from errors due to collinearity and overly 
confident uncertainties produced as a result of 
the spatial autocorrelation of model errors (Beale 
et al., 2010; Dormann, 2007; Legendre, 1993).

The severity of SDMs’ exposure to the 
spatial autocorrelation of model residual errors 
or erroneous covariate effect estimates depends 
on the spatial scales of species sampling and 
the spatial structure of ecological factors or 
sampling effort (Kissling & Carl, 2008; Soberón, 
2010). Traditionally, the factors in Figure 2 are 
considered to vary at different spatial scales, 
movement, and interspecific dependencies acting 
on a finer spatial scale than the abiotic covariates 
(Guisan, Thuiller, & Zimmermann, 2017). If 
ecological factors and sampling effort vary at 
a fine enough spatial scale that their effects on 
species occurrence are not correlated between 
neighboring species sighting locations, they do not 
expose models to spatial autocorrelation because 
the model residual errors are independently 

distributed (Kissling & Carl, 2008; Soberón, 
2010) (Figure 3, panel A). However, many 
empirical studies and reviews have shown 
that the effects of ecological processes and 
sampling effort affect the species distributions 
in coarse-scale analysis where study area may 
extend across continents (Wisz et al., 2013). 
Such impacts have been shown to originate 
from interspecific dependencies (Heikkinen et 
al., 2007), movement (Aliaga-samanez & Real, 
2019; Hocking, Thorson, O’Neil, & Letcher, 
2018; Leathwick, Elith, Chadderton, Rowe, & 
Hastie, 2008), and sampling effort (Reddy & 
Dávalos, 2003).

Sampling effort
Here, I more thoroughly review the issues 

related to varying sampling effort, which creates 
a major obstacle for analyzing heterogeneous 
data sets and integrating survey data sets into 
SDMs for large spatial extents (Isaac et al., 
2019). In systematically conducted surveys, 
species are detected with a constant probability, 
given that a species is present in a study cell. 
In spatio-temporally large study extents, single 
systematic surveys may not provide enough data 
or cover environmental gradients well enough to 
allow accurate estimation of SDMs. Such data 
may need to be supported with other, possibly 
opportunistically sampled, data sets (Pacifici 
et al., 2017; Virgili et al., 2019). Outsourced 
sampling, such as catalogues, herbaria, and 

Figure 3. The effect of unobserved factors on realized distribution with respect to the covariate. In panel A, 
the unobserved factor is independent of the covariate and the estimated response of the species occurrence 
probability reflects the effect of the covariate on the intrinsic growth rate.  In panel B, the unobserved factor 
depends on the covariate and thus, the realized distribution reflects the joint effect of the covariate and the 
unobserved factor.
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citizen science samples cover larger spatio-
temporal extents and longer environmental 
gradients than systematic survey data, but 
may be generated by heterogeneous sampling 
efforts (Reddy & Dávalos, 2003; Warton et 
al., 2013). Despite of distinct data sets being 
sampled by systematic surveys they may have 
differing detection probabilities, which need 
to be accommodated when jointly modeling 
the data (Guillera-Arroita et al., 2015; Miller, 
Pacifici, Sanderlin, & Reich, 2019). In addition to 
a differing detection probability from systematic 
surveys, outsourced data sets may be exposed to 
preferential sampling so that some environmental 
conditions or spatio-temporal units are sampled 
with higher effort than others, which increases 
the number of presence observations in the 
intensively sampled conditions and units 
(Warton et al., 2013). As most outsourced data 
sets usually contain only presence observations 
and absence observations are created by placing 
pseudo-absences in locations where there are no 
presence observations, such data do not allow 
to assess the sampling intensity, i.e. the number 
of visits at sites, as systematic survey data do. 
Thus, spatio-temporal distribution of presence-
only observations may inform more about the 
sampling intensity than about the species actual 
distribution exposing the inference to severe 
biases from preferential sampling (Lahoz-
Monfort, Guillera-Arroita, & Wintle, 2014; 
Warton et al., 2013). If the sampling process is not 
accounted for in the model it may create biased 
covariate effect estimates (Guillera-Arroita et 
al., 2015).

Detection probability does not vary only 
between distinct surveys of a single species, but it 
also varies between species surveyed during one 
single survey (Wintle, Kavanagh, McCarthy, & 
Burgman, 2005). This confronts the comparisons 
of SDMs and predicted occurrence probabilities 
of different species. The differences in detection 

probabilities may relate, for example, to the 
abundance (G. Chen, Kery, Zhang, & Ma, 
2009; McCarthy et al., 2013) and traits of the 
species (Garrard, McCarthy, Williams, Bekessy, 
& Wintle, 2013).

The effect of sampling effort can, in some 
cases, be explained by using external data or 
explicitly modeling the effort through spatial 
dependencies between data points (Altwegg & 
Nichols, 2019; Mang et al., 2017; Monsarrat 
et al., 2019; Warton et al., 2013). The methods 
one should choose depend on the spatial setting 
of the study and the question at hand. Given 
that, we can account for differing detection 
probabilities between systematically and 
opportunistically sampled data sets and account 
for the varying effort of the opportunistic data 
set, we can analyze the data sets jointly, and use 
the strengths of both of them (Giraud, Calenge, 
Coron, & Julliard, 2016; Koshkina, Wang, 
Gordon, Dorazio, White, & Stone, 2017). For 
example, by jointly analyzing opportunistically 
sampled presence-only data with systematically 
surveyed presence/absence data, we can avoid 
creating pseudo-absences because systematic 
data provides real absences. The larger sample 
sizes provided by opportunistic data improve the 
predictive performance of the model compared 
to analysis of either data type alone (Koshkina, 
Wang, Gordon, Dorazio, White, & Stone, 2017). 

Examples of applied studies, which would 
benefit by using the proposed integration 
methods are still scarce (Fletcher et al., 2019). 
However, joint analysis would enhance the use 
of SDMs in remote areas, like the Arctic (Laidre 
et al., 2015) and tropical rainforests (Tuomisto 
et al., 2019), and for rare species, which have 
been sampled with low intensity (Reisinger et 
al., 2018).
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Spatial inference and prediction
Regardless of their sources, the spatial 

autocorrelation of model residuals and biased 
covariate effect estimates make the ecological 
interpretation and applied use of SDMs difficult 
(Dormann, 2007; Lichstein et al., 2002). If there is 
not any explicit information about ecological and 
sampling factors, we must estimate them based 
on spatially structured variation in the response 
variable (Clayton, Bernardinelli, & Montomoli, 
1993; Legendre, 1993). For this purpose there 
is a wide range of functional forms to model the 
spatial correlation between data points (Dormann 
et al., 2007; Kissling & Carl, 2008; Teng, Xu, 
Sandel, & Svenning, 2018; Ver Hoef, Peterson, 
Hooten, Hanks, & Fortin, 2018). A common 
approach is to model spatial dependence as a 
multivariate Gaussian distributed random error, 
whose variance-covariance matrix is computed 
with a specific function of distances between 
spatial locations (Cressie & Wikle, 2011; Ver 
Hoef et al., 2018). Use of such a spatial predictor, 
originally called kriging (Cressie, 1990), is 
reasoned by the proximity law of geography 
which states that features become more dissimilar 
along with increasing spatial distance (Tobler, 
1970). The distances between observations can 
also be measured in time extending the use of 
random errors for modeling temporal and spatio-
temporal dependencies (Hartmann, Hosack, 
Hillary, & Vanhatalo, 2017).

Random effects have frequently been 
applied in SDMs as an accurate predictor for 
interpolation, where they correct potentially 
erroneous covariate effect estimates (Bahn & 
McGill, 2007; Domisch et al., 2019; Heikkinen, 
Marmion, & Luoto, 2012). In addition to 
prediction, a spatial random effect models 
comprehensively the spatial correlation between 
model errors, and thus inflates the uncertainty of 
estimates of the abiotic covariate effects (Reich, 

Hodges, & Zadnik, 2006). Later, we refer to 
models, which account for spatial dependencies 
in species data with a spatial random effect, as 
spatially-explicit models.

In addition to increasing predictive accuracy 
and inflating estimate and prediction uncertainty,  
spatial random effect may change the covariate 
effect estimates (Clayton et al., 1993). According 
to the original view, a spatial random effect acts 
as a smoother, and the inference returns accurate 
estimates for both, the covariate effect and the 
spatial random effect (Clayton et al., 1993). 
However, since a spatial random effect may 
provide as good fit for the data as the sum of 
a spatial random effect and a covariate effect, 
estimates for both effects may be erroneous 
(Reich et al., 2006). Thus, more recent results have 
shown that a spatial random effect may distort 
the inference of covariate effects compared to not 
accounting for the spatial correlations of model 
residuals (Hanks, Schliep, Hooten, & Hoeting, 
2015; Hodges & Reich, 2010; Page, Liu, He, & 
Sun, 2017; Reich & Hodges, 2008; Wakefield, 
2007), and shown especially in SDMs by (Lany, 
Zarnetske, Finley, & McCullough, 2019). 
Especially collinearity between the estimated 
spatial random effect and the covariate creates 
great concerns about the low identifiability of 
the spatial random and covariate effects (Betts 
et al., 2009; Hodges & Reich, 2010).  In spatial 
ecology, the effects of spatial random effect on 
SDMs have been tested on diverse data sets, but 
results and conclusions have been inconsistent 
(Bini et al., 2009; Diniz-Filho, Bini, & Hawkins, 
2003; Dormann, 2007; Hawkins, Diniz-Filho, 
Bini, De Marco, & Blackburn, 2007; Kissling 
& Carl, 2008; Teng et al., 2018).

Previous studies have supported the view that 
after introducing a spatial random effect into a 
model, the error of covariate effect estimates 
depends on the spatial scales of the abiotic 
covariates and unobserved factors (Paciorek, 



18

DEPARTMENT OF GEOSCIENCES AND GEOGRAPHY A

2010; Page et al., 2017). The main conclusion 
from this scale-dependency is that covariate 
effect estimates are subjected to severe errors if 
unobserved factors vary on a finer spatial scale 
than the covariates (Paciorek, 2010; Page et al., 
2017). In the opposite case, where the unobserved 
process varies on a coarser spatial scale than 
the covariates, a spatial random effect does not 
introduce errors into the model. However, the 
effect of spatial scales on the estimation accuracy 
has not been tested for SDMs and therefore, 
is rarely recognized in SDM studies. Still, 
erroneous covariate effects are considered to be 
a major obstacle for training predictive SDMs, 
which can be used to make predictions for remote 
areas and future time periods (Sequeira, Bouchet, 
Yates, Mengersen, & Caley, 2018; Yates et 
al., 2018). If a spatial random effect could be 
restricted to solely explain variation originating 
from the unobserved factors, it could provide 
a useful method for correcting covariate effect 
estimates and improving predictive accuracy 
outside the study area.

Lastly, a spatial random effect also contributes 
to predictions by predicting the spatial correlations 
between spatial locations. This is an essential 
model feature to fully assess the uncertainty of 
predictive sums over multiple data points. Many 
ecological and environmental applications are 
interested in conditions over larger areas and time 
spans, such as the areal sum of species biomass 
(Kallasvuo, Vanhatalo, & Veneranta, 2017), or 
average hydrographic conditions (Steele et al., 
2008). Joint predictions are also valuable in 
more applied contexts. For example, deciding 
between different environmental management 
options may demand comprehensive predictive 
uncertainty assessment over administrative and 
management units, which consist of multiple 
prediction points (Kallasvuo et al., 2017; 
Vanhatalo, Tuomi, Inkala, Helle, & Pitkänen, 
2013; Woolley et al., 2019).

Environmental risk analysis
SDMs and the predictions they produce 

are valuable for conservation planning, as 
they provide information about natural species 
populations and methods for monitoring their 
viability. One form of conservation planning 
is environmental risk assessment (ERA) based 
on the estimated distribution of the species 
populations (Nevalainen, Helle, & Vanhatalo, 
2017; Wilson, Horne, Rode, Regehr, & Durner, 
2014; Wilson, Perham, French-McCay, & 
Balouskus, 2018; S. C. Wilson et al., 2017). 
ERA is defined by hazards, events leading to 
detrimental outcomes, and risks, which combine 
the outcome with the probability of occurrence 
(Burgman, 2005). In the ERA framework, 
quantifying risks and planning actions to prevent 
detrimental outcomes, such as the extirpation of a 
population, necessitates real data about the biota, 
habitats, and hazards (Helle, Jolma, & Venesjärvi, 
2016; Nevalainen et al., 2017). For example, 
SDM predictions are used for defining species-
specific extinction risks (Santini et al., 2019), 
planning conservation areas (Gupta et al., 2019; 
Schank et al., 2017; D. A. Stirling, Boulcott, 
Scott, & Wright, 2016), and assessing species 
invasiveness (Briscoe Runquist, Lake, Tiffin, 
& Moeller, 2019). SDMs are practical tools for 
ERA, as they provide a holistic assessment of 
uncertainty along with the expected predictions 
(Wiens et al., 2009). Comprehensive uncertainty 
assessment is an essential part of ERA, as hazards 
and their occurrence probability can both be 
quantified via probabilistic methods (Burgman, 
2005).

From an ERA point of view, SDMs should 
be parameterized depending on the study setting, 
availability of covariate data, and spatio-temporal 
overlap between training and application areas. 
For well-sampled application areas, there is 
support for using SDMs, which explain species 
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distributions by incorporating a spatial random 
effect in the model. This model choice improves 
the model’s interpolative skill (Domisch et al., 
2019; Lany et al., 2019). However, for non-
overlapping areas, the predictive accuracy of 
SDMs depends solely on the estimation accuracy 
and thus, the generalizability of covariate effect 
estimates. The generalizability of estimates can 
be improved by ecologically sensible functions 
for covariate effects, which avoid over-fitting 
and overly strong local adjustments (Wenger & 
Olden, 2012). As noted earlier, local adjustments 
of covariate effect estimates can potentially be 
avoided by incorporating spatial random effects, 
which assumingly explain variations originating 
from unobserved factors (Lichstein et al., 2002). 
Generalizability and extrapolative accuracy 
support further use of SDMs in ERA (Sequeira 
et al., 2018).

In Chapter (III), SDMs were applied to an 
ERA effort for the Arctic Ocean. The Arctic 
ecosystem is under pressure due to climate 
change and anthropogenic hazards (Bhatt et al., 
2014; Humphries & Huettmann, 2012; Laidre 
et al., 2015; Polyakov et al., 2013; Post et al., 
2013). Climate warming has been reducing 
sea ice at an accelerating pace, such that the 
Arctic is expected to be ice-free in the summer 
season by 2040 (Wang & Overland, 2012). A 
shorter ice-cover season, lower ice volume, 
and more variable ice cover dramatically 
change the habitats of ice-dependent Arctic 
marine mammal species (Laidre et al., 2015). 
They must adapt to new habitat conditions by 
moving longer distances along with the retreating 
ice edge (Pilfold, McCall, Derocher, Lunn, & 
Richardson, 2017), spending longer durations of 
time on land (Lunn et al., 2016; R. R. Wilson et 
al., 2017), and changing their natural behavior 
(Kovacs, Lydersen, Overland, & Moore, 2011; 
Tynan & DeMaster, 1997). Anthropogenic 
pressures, like shipping, and coastal and 

offshore development, increase along with the 
less severe ice conditions and easier access to 
the Arctic (M. Liu & Kronbak, 2010). These 
pressures threat the Arctic biota in several ways 
from creating direct physical disturbance on 
the habitats, increasing environmental pollution 
and indirectly affecting the associated species 
of the heavily influenced ones (Humphries 
& Huettmann, 2012; Spiridonov, Gavrilo, 
Krasnova, & Nikolaeva, 2011). Currently, the 
navigability of the Arctic Ocean is improving 
and the region’s natural resources are becoming 
more accessible (Smith & Stephenson, 2013). 
As such, increasing anthropogenic pressure in 
conjunction with reduced ice cover is expected to 
negatively impact species populations (Hauser, 
Laidre, & Stern, 2018).

To produce a comprehensive ERA on this 
topic, we must estimate where and how densely 
species occur and how sensitive they are to 
hazards (Burgman et al., 2005). Conducting an 
ERA in the Arctic context is complicated by 
the scarcity of data about species populations 
and spatial distributions (AMAP, 2010; Laidre 
et al., 2015). Current assessments of population 
statuses and geographic distributions are based 
on expert opinions (Laidre et al., 2008) and if 
they are quantitative in nature, then they are 
at a coarse spatial resolution (Laidre et al., 
2015; McRae, Deinet, Gill, & Collen, 2012). 
Moreover, data on Arctic species are scattered 
and thus, difficult to access. Studies on species 
vulnerability to environmental change and 
anthropogenic hazards are geographically and 
taxonomically concentrated in North-American 
Arctic and of the studied species here on polar 
bear populations (Laidre et al., 2015; McRae et 
al., 2012). The effects of environmental change, 
mostly shrinking ice cover, on species viability 
have been studied through population models 
(Hunter et al., 2010; Lunn et al., 2016; Molnar, 
Derocher, Thiemann, & Lewis, 2010; Regehr, 
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Hunter, Caswell, Amstrup, & Stirling, 2010; 
Regehr et al., 2016; Regehr, Wilson, Rode, 
Runge, & Stern, 2017), movement behavior in 
relation to environmental conditions (Auger-
Méthé, Lewis, & Derocher, 2016; Durner et al., 
2009; Freitas, Kovacs, Ims, Fedak, & Lydersen, 
2009; Freitas, Kovacs, Ims, & Lydersen, 2008; 
Mauritzen et al., 2003; Pilfold et al., 2017; 
Regehr et al., 2016; Wilson et al., 2014; Wilson, 
Regehr, Rode, & St Martin, 2016) and by relating 
species observations with the current conditions 
(Derocher & Stirling, 1990; Gleason & Rode, 
2009; Regehr et al., 2016). The risks from oil 
spills and marine traffic have been assessed by 
overlaying the impacted area with the inhabited 
area of a species (Hauser et al., 2018; Humphries, 
Huettmann, & Leung, 2014; Wilson et al., 2014; 
R. R. Wilson et al., 2017).

Specifically in the oil spill risk assessment we 
need information also about how likely a species 
individual comes into a contact with oil if oil 
contaminates sea area and how severely a species 
individual is impacted by the contact (Nevalainen 
et al., 2017). Experimental results for such 
vulnerability and sensitivity measures lack for 
most Arctic species  (AMAP, 2010). However, 
recently model-based estimates of sensitivity 
and vulnerability to oil spills were provided by 
(Nevalainen et al., 2017; Nevalainen, Vanhatalo, 
& Helle, 2019).

Objectives of the thesis
This thesis develops spatio-temporal 

modeling methods for studying environmental 
and ecological change. Environmental models 
assess relationships between climate and 
marine hydrography to predict the hydrographic 
conditions throughout the study area and period. 
SDMs assess species-environment relationships 
to predict spatio-temporal distributions of species 
populations. All the chapters in this thesis 
aim to fully assess the uncertainties related to 

statistical models and their predictions. Holistic 
uncertainty assessment is essential for confirming 
environmental and ecological changes and for 
comprehensive decision analysis in ERA. This 
thesis applies the methods developed to three 
example systems: two of which were marine and 
one of which was terrestrial. The aims of this 
thesis are therefore to assess:

- recent temporal changes in sea surface 
hydrography and the geographic distributions 
of Arctic marine mammals in the Kara Sea 
(chapters I, II);

- the mortality risk oil spills from marine 
oil traffic in the Kara Sea pose to Arctic marine 
mammals (chapter III);

- and the identifiability of abiotic covariate 
effects and the extrapolative skills of SDMs, 
which is demonstrated using distribution data 
for arctic-alpine plant species (chapter IV).

All topical objectives rely on methodological 
development for modeling spatio-temporal 
variation. First, the thesis develops methods to 
analyze heterogeneous spatio-temporally varying 
data. The proposed methods fit linear functions 
to spatio-temporally dynamic environments 
(chapter I), account for variable sampling effort for 
the joint analysis of heterogeneous observations 
(chapter II), and improve the identifiability 
of abiotic covariate effects in an SDM (IV). 
Secondly, the thesis addresses the importance 
of fully accounting for model uncertainties 
when assessing temporal changes or regional 
differences in model predictions (chapter I). 
Thirdly, the thesis develops comprehensive 
methodologies for the use of SDM predictions 
in ERA to ensure risk evaluation adequately 
accounts for the uncertainties in the predictions 
(chapter III). These methodological features are 
valuable for studying data poor regions, where 
scientific surveys lack desirable spatio-temporal 
coverage.
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Material and methods

Study areas and data
The research included in this thesis was 

conducted in two study regions: the Kara Sea 
and northern Fennoscandia (Figure 4). Chapters 
(I-III) were conducted in the Kara Sea, which is 
one of the Arctic Shelf seas along the Siberian 
coast (Figure 4: panel A). The study area covers 
around 1.14 million km². The Kara Sea is shallow 
with 40 % of the sea area less than 50 m deep 
(Pavlov & Pfirman, 1995). The hydrographic 
conditions in the Kara Sea are dominated by 
mixing  between the warm, saline waters of the 
Atlantic, the cool, saline waters of the Arctic,  
and freshwater drainage from the large Siberian 
Rivers, the Yenisei and the Ob (McClimans et al., 
2000; Pavlov & Pfirman, 1995; Schauer, Loeng, 
Rudels, Ozhigin, & Dieck, 2002). Ice covers the 
Kara Sea area annually from November to June 
with strong ice formation in the central part of the 
sea area (Martin & Cavalieri, 1989). As part of 
the Siberian shelf area also the Kara Sea has been 
subject to increasing sea surface temperature 
and fluctuating sea surface salinity during the 
20th century (Steele & Ermold, 2004; Steele et 
al., 2008). Still, for the whole Kara Sea and its 
many sub areas, the estimated temporal changes 
are highly uncertain (Steele & Ermold, 2004; 
Steele et al., 2008). Uncertainty about the surface 
hydrographic conditions create difficulties for 
further oceanographic and atmospheric studies 
on the heat transfer between ocean, sea ice and 
terrestrial system (Polyakov et al., 2013), and on 
circulation of fresh water in the Arctic (Morison 
et al., 2012). Moreover, the available maps of sea 
surface temperature and salinity have relatively 
coarse spatial resolution (1/4 degree) for studying 
temporal changes in different parts of the Kara 
Sea (Locarnini et al., 2013; Reynolds et al., 2007) 
and for relating the seasonal variation of fresh 

water impact area to the species distribution 
studies (Zweng et al., 2013).

Varying sea ice and hydrographic conditions 
make the Kara Sea a dynamic habitat for 
wild animal populations (Fetzer, Hirche, & 
Kolosova, 2002) and unpredictable for marine 
transportation (M. Liu & Kronbak, 2010). The 
Kara Sea comprises viable populations of polar 
bears (3,200 ± 1,100 individuals, (Matishov et al., 
2014)), walruses (<500, (Born, Gjertz, & Reeves, 
1995), and ringed seals (90,000–150,000, (Kelly 
et al., 2010). The current population statuses and 
spatio-temporal distributions of these species are 
uncertain (Laidre et al., 2015; McRae et al., 2012). 
In circumpolar population assessments of Arctic 
species Kara Sea has been scarcely surveyed 
lacking offshore survey posts (McRae et al., 
2012). From descriptive studies we still know 
that the marine mammal species tend to occupy 
polynyas in the western Kara Sea in spring and 
winter and archipelagos in the northern Kara in 
summer (Spiridonov et al., 2011).

Chapter (I) analyzes the relationships 
between climatic covariates and sea surface 
hydrography, and chapter (II) analyzes the 
relationships between abiotic covariates and 
spatial distribution of species populations. The 
abiotic data for the Kara Sea were derived 
(comprising also chapter III) from public 
databases and publications (Table 1). Bathymetric 
measurements, which varied spatially, and sea ice 
concentrations, which varied spatio-temporally, 
were spatially aggregated to a grid with a 5 km 
x 5 km cell resolution. All temporally varying 
variables had a temporal resolution of a month. 
Chapters (I-III) consistently used the 5 km x 
5 km spatial resolution and monthly temporal 
resolution.

In chapter (I), point observations of sea 
surface temperature (3629 observations) and 
salinity (3468 obs.) were derived from the World 
Ocean Database (Boyer et al., 2013) (Figure 4: 
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Figure 4. Study areas and data. Panels A and D show the locations and geographical settings of the study 
areas. They also show the characteristics of the study areas, including depth and ice concentration in the Kara 
Sea in panel A and altitude in the Rastigaissa area in panel D. Panel A indicates the marine traffic routes, which 
were used for environmental risk analysis in chapter (III). Panel B shows the sea surface temperature sampling 
locations. Panel C indicates the survey transects and species detection locations from (Matishov & Dzhenyuk, 
2007). Panel D indicates the vegetation sampling plots. The figure depicted in panel A is derived from (Helle, 
Mäkinen, Nevalainen, Afenyo, & Vanhatalo, 2020) and the figure depicted in panel D is derived from (Niittynen & 
Luoto, 2018).



23

panel C). These observations included accurate 
spatial coordinates and time stamps, which were 
used to link observations with the environmental 
covariate data.

The species data used in chapters (II and III) 
were derived from publications which reported 
species observations as tables and maps (Figure 
4: panel D). The common biodiversity databases, 
such as GBIF, Movebank or Map of Life, did 
not provide species observational data from the 
Kara Sea. This forced us to look for observational 
data from publications which have not fed their 
data into the biodiversity data bases.

The publications reported species 
observations in table-format with the exact 
spatio-temporal location and number of 
individuals observed during each sighting. Those 
observations could be linked to environmental 
covariates simply by their spatio-temporal 
locations. In the publications, the species 
observations reported on maps included exact or 
approximate timestamps. Their spatial locations 
were derived as coordinates by georeferencing 
maps to a coordinate system and digitizing the 
sighting locations from the maps. Based on 
the coordinates and time stamps, the species 
observations could be linked to environmental 
conditions. Some publications reported only the 
presence of a species, but did not include the 
number of individuals observed, whereas other 
publication did include abundance data. Some 
publications also reported the survey transects 
on maps, which provided us with information 

about where surveys had taken place and where 
surveyors had not detected a species. The study 
transects were digitized and their overlap with 
the study cells checked. The center points of the 
study cells which intersected with transects were 
treated as absence observations. The publications 
with transect maps contained also timestamps 
for the surveys on a monthly resolution. Using 
this process, a data set was created for each 
species, which included absence, abundance, 
and presence-only information and linked those 
observations to environmental conditions, spatial 
coordinates, and time stamps.

In chapters (I-III), different spatial data 
sets were set in the same projected coordinate 
system. The Polar Stereographic projection of the 
bathymetric data set was used as the coordinate 
system throughout the studies for example when 
giving spatial reference for the digitized data sets 
and later in the spatial analysis. Sea ice data were 
originally in a different version of the Polar 
Stereographic projection and were transformed 
in the same projection with the bathymetric 
data. This was the only transformation of the 
coordinate systems, and given that the difference 
between coordinate systems was minor, we could 
assume that there is no significant error related 
to the transformations of the spatial reference.

Chapter (IV) analyzes vegetation data from 
a tundra ecosystem in northern Norway (Figure 
4: panel D). The study area is 195 km² and 
characterized by a harsh climate, with low annual 
average temperatures (-0.3 to -5.7 °C) and sub-

Table 1. Quantities, temporal coverages, and sources of species data sets used in chapters (II and III).
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arctic vegetation. The data points cover a long 
elevation gradient (120-1064 m) (Niittynen & 
Luoto, 2018). The species data were sampled 
using an organized protocol to sustain constant 
detection probability for each species throughout 
the study area. The environmental covariate data 
were originally derived from remote sensing, 
soil mappings, and spatial statistical models. 
The covariates had gone through various levels 
of spatial aggregation and were, therefore, 
comprised of differing spatial resolutions, 
ranging from 30 meters to less than one meter. 

Inference methodology
Each chapter of the thesis applied hierarchical 

Bayesian models as the modeling framework. 
The hierarchical Bayesian approach for inference 
differs from the frequentist approach by using 
prior information to direct inference and 
combining variation originating from the data, 
model, and parameters (Cressie, Calder, Clark, 
Hoef, & Wikle, 2009). These properties have 
made it a popular framework for environmental 
and ecological models (Clark, 2005).  The Bayes 
theorem forms the posterior probability of the 
model parameters θ  conditional on data, d  
and model structure, M  (O’Hagan & Forster, 
2004):

 ( ) ( ) ( )
( )

| , |
| ,

|
p d M p M

p d M
p d M
θ θ

θ = , (1)

where ( )| ,p d M θ  is the likelihood of data 
given the parameter values, ( )|p Mθ  is the 
prior of the parameter and ( )|p d M  is the 
marginal likelihood. Later I refer to the likelihood 
as observation model, as it models the probability 
of the observation given parameter values. All 
functions are also conditional on the model 
structure, which describes the subjective choice 
of how parameters are linked to data through 
the model.

The models described in this thesis include 
a process model between likelihood and prior 
to link the parameters to observed data through 
an ecological or environmental process (Clark, 
2005). This process is noted with f  which 
expands eq. 1 to:

 ( ), | ,p f d Mθ =

( ) ( ) ( )
( )

| , , | , , |
|

p d M f p f M p M
p d M

γ θ θ γ , (2)

where γ  is for the observation process and 
reflects for example observation variance. 
Here the process is referred to as a prior and is 
parameterized with θ . Moreover, observation 
and prior processes were assigned hyperpriors 
noted with ( ), |p Mθ γ . Now, the hierarchical 
structure consists of separate levels for modeling 
the observations, environmental or ecological 
processes, and the parameters governing the 
processes (Wikle, 2003b). The hierarchical 
structure is a robust method for studying spatio-
temporally complex processes from observational 
data such as biological dispersal (Wikle, 2003a), 
interspecific dependencies (Latimer et al., 2009; 
Ovaskainen & Soininen, 2011), scale-dependent 
habitat use (Lipsey, Naugle, Nowak, & Lukacs, 
2017) and inconstant sampling effort (Dorazio, 
2014). The chapters of this thesis applied 
hierarchical Bayesian inference for studying:

- the effects of spatio-temporally structured 
abiotic covariates (chapters I,II and IV)

- heterogeneous data reflecting multiple 
unobserved factors (chapter II) 

- the effects of unobserved factors on model 
estimation and extrapolation (chapter IV)

- the use of SDM predictions in ERA (chapter 
III)

The posterior distribution is usually 
analytically intractable (O’Hagan & Forster, 
2004). Thus, the posterior becomes accessible 
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only through stochastic sampling, such as 
Markov Chain Monte Carlo (MCMC), or 
through deterministic methods, like the Laplace 
approach or expectation propagation (Gelman 
et al., 2014; Rue, Martino, & Chopin, 2009). 
The essential differences between stochastic and 
deterministic approaches are that the stochastic 
approach returns the true posterior distribution 
of the unknown parameter at the limit of 
large sample size and typically requires long 
computational time, whereas the deterministic 
approximations are typically faster but their 
accuracy is constrained by the approximating 
function (e.g. Gaussian). The hierarchical 
model structure is computationally demanding, 
as the conditional probability of a parameter 
value must be computed for every MCMC 
sample. Deterministic Maximum a posterior 
(MAP) estimation for model parameters takes 
less computational effort by approximating 
the posterior mean of the unknown parameter 
(Cressie & Wikle, 2011):

( )argmax ( | )ˆ p p d
θ

θ θ θ= ,  (3)

where θ̂  is the MAP estimate 
of the unknown parameter and 
( ) ( )| | ( | )p d p d f p f dfθ θ= ∫  is the 

marginal likelihood of model parameters (or its 
Laplace or EP approximation).

In chapters (I and IV), the inference of 
the unknown parameters was based on MAP 
estimation conducted with gradient optimization 
and conditional on this MAP estimate the 
inference on process f was exact (due Gaussian 
observation model). In chapter (IV) one part 
of the analysis modeled Bernoulli distributed 
response variable, and thus the MAP estimate 
was derived with Laplace approximation. In 
chapters (II and III) the inference was conducted 
using full MCMC. In chapter (I), the data were 
modeled as dependent on abiotic covariates 

so that the covariate effects are assumed to be 
spatially non-stationary. Thus, the covariate 
effects are treated as spatially varying random 
processes (Gelfand, Kim, Sirmans, & Banerjee, 
2003). This model choice explicitly addressed 
that changes in spatially constant climate indexes 
affect surface hydrography differently in different 
locations.  This approach increased the number 
of unknown parameters in the model, inflated the 
dimensions of the processes related to covariates, 
and demanded computationally easier solution 
than MCMC. Chapters (I-IV) used the GPstuff 
toolbox for fitting models and making predictions 
(Vanhatalo, Riihimäki, et al., 2013).

Observation model
Observation model accommodates survey 

processes, which are unrelated to environmental 
processes or the ecology of the species. The 
parameterization of the observation model 
depends on the type of observational data 
available (Hefley & Hooten, 2016).

In chapters (I and IV) the observations 
were normally distributed, and the likelihood 
of the i th observation, iy , can be directly 
computed with a Gaussian distribution given the 
environmental or ecological function ( )if x  
as mean and observation error as variance. 
The function ( )if x  links the predictor with 
environmental conditions and a spatio-temporal 
location which are denoted by ix .

In the second part of chapter IV, species 
occurrences were surveyed as presences and 
absences. A Bernoulli distributed observation 
model was applied individually for each species. 
The likelihood function is computed as

 ( )( )|p d f x =

( )( ) ( )( )1
1

( (1  ,i i
n y y

i i
i

g f x g f x
−

=

−∏ (4)

where i  indexes the study plot and 
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( )1 2, , , nd y y y= … , and g  is a probit link 
function, which computes Gaussian cumulative 
probability given ( )if x  (Hefley & Hooten, 
2016).

The presence-only and abundance data are 
modeled jointly in chapter II as an inhomogeneous 
Poisson point process (IPPP). IPPP has gained 
interest widely as it is suitable for studying 
distributions of dynamic species (D. S. Johnson, 
Hooten, & Kuhn, 2013), utilizing heterogeneous 
data sets (Renner et al., 2015), and combining 
different kinds of survey data (Koshkina, Wang, 
Gordon, Dorazio, White, Stone, et al., 2017). 
Here, IPPP was used especially for integrating 
different types of data.

Contrary to the previous models, IPPP 
computes the likelihood of species abundance 
as conditional on areal intensity of the species λ  
(Aarts, Fieberg, & Matthiopoulos, 2012; Cressie 
& Wikle, 2011):

( ) ( ) ( )
1

| ,
n

D
i

i

p d e xλλ λ−

=

= ∏

 

 
(5)

where D  is for the study domain. Inhomogeneous 
indicates to that species areal intensity varies 
across the study domain. In practice, the total 
intensity ( )Dλ  is intractable and needs to be 
approximated by discretizing the study area into 
a study grid (Banerjee, Gelfand, & Carlin, 2015). 
Thus, likelihood becomes:
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=

∑
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(6)

which is a compound of Poisson distributed 
random variables. In a discretized grid, observation 
points falling into the same cell are summed 
(Fithian & Hastie, 2013). The likelihood function 
(eq. 6) is linked with the Poisson distribution so 
that, if the study domain is considered to be one 
sampling unit, the number of observed species 
individuals follows a Poisson distribution given 

the total intensity over the study domain 
1

m

i
i

λ
=
∑   

(Fithian & Hastie, 2013). The Poisson distribution 
is a natural choice for modeling abundance data 
and, due to its aforementioned properties, IPPP 
is a popular model choice for spatio-temporally 
varying abundances (Chakraborty, Gelfand, 
Wilson, Latimer, & Silander, 2010).

However, IPPP is also applicable to presence/
absence and presence-only data (Warton 
& Shepherd, 2010). Bernoulli and Poisson 
distributions are analytically related and, owing 
to that relationship, estimated intensity can be 
turned into occurrence probability (Fletcher et 
al., 2019). If data is sampled with a fine spatio-
temporal resolution and count data contain many 
ones, log-log transformed ( )f x  with a Bernoulli 
observation model and a log-transformed ( ) f x  
with a Poisson observation model return similar 
likelihoods (Baddeley et al., 2010). Information 
about abundance is lost in a coarse resolution 
surveys, where there are fewer presences than 
there are individuals (Fithian, Elith, Hastie, & 
Keith, 2015). Thus, the more densely the data 
are sampled throughout the study area and time 
period, the more equal likelihoods the different 
approaches return. However, how well presence/
absence data and occurrence probability reflect 
the abundance of a species is a more general 
abundance estimation problem  and is not limited 
to IPPP (Ashcroft et al., 2017).

Given these properties of IPPP, it is widely 
used to model different types of species data. 
Here, I take advantage of the opportunity to 
accommodate different data types within the 
same likelihood function (Dorazio, 2014; Miller 
et al., 2019; Pacifici et al., 2017). The assumption 
here is that different data originate from the same 
IPPP (Fletcher et al., 2019; Koshkina, Wang, 
Gordon, Dorazio, White, Stone, et al., 2017).

In chapter (II), the analysis could be 
strengthened by integrating abundance data with 
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presence-only data for some of the species. This 
improved the environmental and spatio-temporal 
coverage of the data. For each species, at least 
one source study contained absences as well, and 
thus, there was no need to create pseudo-absences 
and the IPPP could be restricted to the surveyed 
cells. Still, the various sampling efforts between 
surveys needed to be addressed. Unfortunately, 
the source studies reporting surveys did not 
include information about their sampling efforts. 
It could be assumed that data were sampled 
using different survey protocols and efforts, 
which may severely bias the estimation of the 
covariate effects in the joint analysis. However, 
sampling effort within individual source studies 
presumably remained constant despite the 
variation between different source studies. To 
accommodate a variety of unknown sampling 
efforts, the species intensities were scaled with 
respect to the survey effort:

( ) ( ) ,jx xλ λ π=   (7)

where j  is an index of a source study, ( ) xλ  
is species scaled intensity, and ( ) xλ  is species 
non-scaled intensity at location x , and jπ  is 
a constant describing the relative detection 
probability in a source study, j . 

Accounting for the  various unknown levels 
of detection probability should decrease the bias 
of other parameter estimates (Koshkina, Wang, 
Gordon, Dorazio, White, Stone, et al., 2017). 
If there were information about the detection 
probability of any source study, it could be 
used to infer the absolute intensities. Here, the 
scaled intensities reflect the absolute intensities 
as being proportional to them. In the literature 
this is referred to as a thinned and relative IPPP, 
which can be accessed by scaling intensities with 
a random effect, which corresponds to detection 
probability (Dorazio, 2014; Fithian et al., 2015; 
Giraud et al., 2016; Mizel, Schmidt, & Lindberg, 

2018). Due to the constant proportion of relative 
intensities to actual intensities, the areal and 
temporal differences in relative intensities 
correspond to differences in real intensities. 
Thus, relative intensities correctly display the 
geographic distribution of the species population 
(Fithian et al., 2015; Fithian & Hastie, 2013). 
Species relative intensity can be turned into 
relative areal density by summing intensities over 
a study cell and dividing by  the study cell’s area 
(Fithian & Hastie, 2013). Thus, predicted species 
intensities are proportional to areal density and 
can be treated as such. Later in this thesis, I refer 
to predicted distributions of species populations 
as areal densities instead of intensities.

To link abiotic covariates and other ecological 
processes to the species intensity, the logarithm 
of the species intensity ( )xλ  was assigned a 
Gaussian Process prior so that 

( ) ( )( )exp ,x f xλ =  (8)

where ( )f x  is a predictor. This is commonly 
called a log Gaussian Cox process (Banerjee et 
al., 2015). Owing to uncertainties in data 
preparation and survey protocols, an additional 
independent and identically Gamma distributed 
random effect was assigned for each observed 
grid cell. This leads to a negative-binomial model 
for species counts, which is effectively the same 
as an overdispersed Poisson model. It explains 
observation-specific variation, which may be the 
result of inconsistent surveying (J. Liu & 
Vanhatalo, 2020). Chapter (II) treated varying 
sampling effort with a categorical random effect, 
which was included in the process model as an 
explanatory function. Thus, the intensity was 
scaled with an exponential of the scalar 
representing the sampling effort 

( ) ( )( ) ( )( )exp exp log jx f xλ π= .
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Process model
In each chapter of this thesis, an additive 

regression model was built with Gaussian 
Process (GP) functions, which corresponded to 
a model constant, covariate effects, and spatio-
temporal and categorical random effects. For 
example, in the first analysis part of chapter (IV), 
the model was built following

( ) ( ),  ,T
s sf s x x g sα β= + + (10)

where x  is a covariate, s  are spatial 
coordinates, α  is a model constant, β  is a 
coefficient for covariate effect, and g  is a spatial 
random effect. Each function was assigned a 
prior following:

 ( ) ~ 0, ,N αα σ

 ( ) ~ 0, ,N ββ σ

( ) ( )( )2~ 0, , | , ,g g gg s GP k s s lσ′

where the model constant and covariate effect 
coefficient are given normally distributed priors 
and spatial random effect is assigned a spatially 
varying GP governed by magnitude of variation 

2
gσ  and lengthscale gl , which controls the 

smoothness of the covariance. In geostatistics 
the parameters are called nugget and range, 
respectively. The covariance function of spatial 
GP was defined explicitly so that 

( ) ( )( ) 2,  . g
g

s scov g s g s k
l

σ
 −

=   


′
′


 In 

chapter (IV), k  was assigned a Matérn type 
covariance function with 3/2 degrees of freedom. 
The covariance function was altered in different 
chapters to correctly model the decay of the 
spatial or temporal correlation. From the 
covariance function we can see that long length-

scale creates smooth changes of the latent 
function, and a short length-scale creates more 
abrupt changes.

The model structure here corresponds to a 
common linear or generalized linear regression 
model, where covariate effects are explained 
with linear functions and sampling related 
variation can be explained with random effects 
(Franklin, 2010), applied e.g. in (Wenger & 
Olden, 2012). GP regression can fit highly 
complex relationship between a covariate and 
a latent function conditioned on the choice of 
covariance function (Duvenaud, Nickisch, & 
Rasmussen, 2011). Complex response functions 
have been applied in ecological studies to fit 
non-linear responses, such as abrupt changes in 
the latent function at threshold values (Golding 
& Purse, 2016; Talluto, Mokany, Pollock, 
& Thuiller, 2018; Vanhatalo, Hartmann, & 
Veneranta, 2019; Vanhatalo, Veneranta, & Hudd, 
2012). However, overly high prior complexity 
of species-environment response should be 
avoided unless a valid ecological reason is 
presented because complex responses may 
explain local variation, which actually originates 
from unobserved factors (Merow et al., 2014; 
Wenger & Olden, 2012).

Hence, the models were fitted by applying 
linear functions for the species-environment 
relationships. The SDMs in chapters (II and III), 
and in the second part of the chapter (IV) were 
built with an additional coefficient for the second 
order polynomial effects of the covariates. Thus, 
the complexity of the covariate effects was 
restricted to second order polynomial effects. 
Conservative species-environment responses are 
ecologically sensible because a species’ growth 
rate is usually highest in either of the end of an 
environmental gradient or in the middle of it 
(Austin, 2002; Hutchinson, 1978).

In each chapter, the prior variance of the 
constant and covariate effect coefficient was 
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assigned fixed values, and parameters of spatial 
or spatio-temporal GP’s covariance functions 
were assigned hyperpriors. Hierarchical 
Bayesian inference was applied for estimating 
parameters of the covariance function. Given the 
parameter estimates, the constant and covariate 
effect coefficients were computed as predictive 
posterior distributions.

More complex responses were allowed for 
spatio-temporal random effects, as they may 
explain variation originating from spatially 
structured unobserved factors, for example from 
dispersal or outbreaks of a species (Vanhatalo, 
Hosack, & Sweatman, 2017), interspecific 
dependencies (Ovaskainen, Abrego, Halme, & 
Dunson, 2015) or varying detection probability 
(Mizel et al., 2018). Thus, random effects 
presumably infer a complex spatial or spatio-
temporal pattern. In addition, unstationary 
covariance structure could be allowed in chapter 
(I) to accommodate changes in smoothness of 
the process across the study area and period 
(Rasmussen & Williams, 2006). In chapters 
(I-III) x- and y-coordinates were assigned 
separate lengthscale parameters to create 
anisotropic processes, where smoothness may 
differ between coordinate directions (Rasmussen 
& Williams, 2006). This is suitable for study 
systems, which have strong directionality, for 
example, due to a coastline (Vanhatalo et al., 
2017).

In chapter (I), a spatial random effect was 
combined with a linear effect of a climatic 
covariate by allowing the fixed type linear 
effect to vary spatially. Hence in eq. (10) T

sx β  
was replaced with ( )T

sx sβ , where ( )sβ  
was given a spatially varying GP prior. This 
functional choice allows spatially constant 
climate indexes to have spatially varying effect 
on sea surface hydrography. In a large study 
area this is a reasonable choice, as climate index 
correlates with water circulation patterns, which 

have further regionally varying effects on surface 
hydrography (Harms & Karcher, 1999).

Because GPs allow for complex functional 
responses to covariates, they must be restricted 
according to the assumptions about the process, 
they reflect (Fuglstad, Simpson, Lindgren, 
& Rue, 2018; Lemoine, 2019). In this thesis, 
GPs were restricted by setting priors on their 
parameters, length-scale and magnitude of 
variation, and by restricting the mean value of 
a spatial random effect over the data points. 
Chapter (IV) more thoroughly discusses the 
impact of prior restrictions of a spatial random 
effect on the estimation and prediction accuracy 
of SDMs.

In this thesis GPs were applied to build 
regression models for spatio-temporally and 
spatially varying data. The methods took 
advantage of the GP’s properties in three ways. 
First by fitting complex spatio-temporal and 
spatial random effects on hydrography and 
species distribution data. Second, by applying 
different covariance functions to fit smoothly 
and more abruptly varying latent functions, 
and to account for annually recurring periodic 
events. Third, by conducting the inference of the 
parameters of the GP’s covariance function in 
the hierarchical model structure. The covariance 
functions were altered between studies but each 
GP was assigned a zero mean prior due to a lack 
of strong prior information about the response 
functions.

Each chapter of this thesis utilizes GPs with 
a slightly different focus area:

I: spatially varying linear covariate effects, 
and spatio-temporal random effects

II, III: quadratic covariate effects, Michaelis-
Menten function for the effect prey has on 
predators, spatio-temporal and categorical 
random effects

IV: quadratic covariate effects, and spatial 
random effect.
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Predictive model validation
The models used in this thesis were validated 

with respect to their predictive accuracy, which 
was observed with a log posterior predictive 
density of the validation data given training data 
(LPPD) (Vehtari & Ojanen, 2012) so that

 ( ). .|te trLPPD y y =

( ) ( ). .
1

1 | , , | ,
i

n

te tr
i

log p y f p f y d df
n

θ θ θ
=

∫∑  (12)

where ( )., | trp f yθ  is the posterior distribution 
of the parameters and process variables given 
the training data and .  is the predictive 
distribution of the i :th validation data point 
given the parameter and process variable values. 
Based on predictive validation, different model 
structures were compared in chapters (I and II), 
and different prior distributions were compared 
in chapter (IV).

The way training and validation data sets 
should be formed depends on the purpose of the 
model and the amount of data available for splitting 
it into two sets (Guisan & Thuiller, 2005). We 
can put models roughly into two categories with 
respect to their purposes: generalizable models 
with high extrapolative predictive accuracy and 
locally adjusted models with high interpolative 
predictive accuracy (Guisan & Zimmermann, 
2000). In this thesis, chapters (II-IV) fall into the 
first category, as both describe the use of  SDMs 
for inferring the ecological relationships between 
species and the environment, and predicting 
species distributions outside the training data. 
Chapter (I) falls between the first and the second 
category because there, sea surface hydrography 
was modeled to predict hydrographic conditions 
throughout the study area and period with less 
need to extrapolate. Despite of interpolative 
predictions, models were used for interpreting 
the covariate effect estimates.

Typically, SDMs aim to be generalizable 
and should be validated with an independent 
data set (Araújo & Guisan, 2006; Peterson et 
al., 2011). Dependence refers to the extent of 
environmental and spatio-temporal overlap 
between the training and validation data (Guisan 
& Zimmermann, 2000). Due to data scarcity, 
spatial independence is rarely achieved and 
SDMs are often validated in the extent of the 
training area (Araújo & Guisan, 2006). Spatial 
independence creates inaccuracy and uncertainty 
in model predictions for four reasons (Araújo, 
Pearson, Thuiller, & Erhard, 2005; Barry & Elith, 
2006; Sequeira et al., 2018):

In environmentally novel validation data, 
covariate effects extrapolate, which decreases 
predictive accuracy and increases uncertainty.

In environmentally or spatio-temporally 
novel validation data, collinearity between 
covariates may change, which biases covariate 
effects and decreases predictive accuracy.

In spatio-temporally novel validation data, 
spatio-temporal random effects extrapolate, 
which decreases predictive accuracy and 
increases uncertainty. 

In spatio-temporally novel validation data, 
collinearity between unobserved factors and 
covariates may change, which biases covariate 
effects and decreases predictive accuracy. 

In addition to these points, validation data 
may expose predictions to inaccuracies due to 
non-stationary species-environment relationships 
(Araújo & Pearson, 2005). However, chapters 
(II-IV) assume niche conservatism, which keeps 
the relationships constant.

Chapter (IV) focuses explicitly on model 
validation and tests the effects of the third 
and fourth points in the list above. The spatio-
temporal non-overlap between training and 
validation data sets validates models with 
respect to their generalizability and extrapolative 
predictive accuracy. This is often referred to as 
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the geographical or temporal transferability 
of the models (Sequeira et al., 2018; Yates et 
al., 2018). In spatio-temporally independent 
validation data, spatio-temporal random effects 
do not contribute to the predictive mean value, 
which is computed by relying solely on covariate 
effects (Roberts et al., 2017; Wenger & Olden, 
2012). Thus, overly complex or vague estimates 
of species-environment relationships decrease 
extrapolative predictive accuracy (Bell & 
Schlaepfer, 2016; Qiao, Soberón, & Peterson, 
2015). Highly complex estimates may explain 
local variability in species distribution, where 
such variation may originate from unobserved 
factors. Thus, complex relationships may not be 
ecologically sensible nor generalizable to other 
areas or periods (Bell & Schlaepfer, 2016). At 
the other extreme, overly vague estimates only 
roughly assess species’ realized niches (Elith et 
al., 2006).

In chapter (IV), the spatial random effect 
was tailored to explain the variation, which 
presumably originates from unobserved factors. 
By properly accounting for such factors, the 
covariate effect estimates could be restricted 
to reflect the theoretical niche of the species 
(Holt, 2009; Soberón, 2010). Thus, in spatially 
independent validation, the predictive mean 
should reflect the effect of the intrinsic growth 
rate on species occurrence in the environmental 
conditions in question. Furthermore, the 
predictive mean should inform about that how 
the environmental conditions are positioned 
in relation to the species’ theoretical niche. 
Predictive uncertainty, which is expanded by a 
spatial random effect, should now correspond to 
the effects of unobserved factors. By following 
this line of thought, the predictive distribution 
should reflect species’ realized niches, where the 
location of the prediction of the validation data 
point is given a certain probability. Validation 
data may be exposed to the same unobserved 

factors, but the magnitude and sign of their 
effects on species distribution are uncertain 
(Sequeira et al., 2016; Yates et al., 2018). Thus, 
there is an ecological interpretation and reason 
behind communicating predictions as statistical 
distributions. LPPD (eq. 12) is a good validation 
method for this task, as it covers the entire 
predictive distribution (Hooten & Hobbs, 2015).

Novel environmental conditions and changes 
in collinearity between covariates in validation 
data have often been suspected of decreasing 
extrapolative accuracy (Feng, Park, Liang, et 
al., 2019; Fitzpatrick et al., 2018; Qiao et al., 
2019; Sequeira et al., 2018; Sequeira et al., 
2016). This holds true, particularly for long-
term forecasts and hindcasts (Fitzpatrick et al., 
2018; Kharouba, Algar, & Kerr, 2009; Sequeira, 
Mellin, & Fordham, 2014). Chapter (IV) tests 
primarily how SDMs perform in novel areas, 
where the effects of unobserved factors cannot 
be predicted. Nevertheless, predictions may be 
exposed there to environmental extrapolation by 
chance. The unwanted effects of environmental 
extrapolation were controlled by exposing all 
candidate models to it.

Contrary to spatio-temporal extrapolation, 
interpolative model validation does not penalize 
models for locally adjusted covariate effect 
estimates and does not test model transferability 
(Peterson et al., 2011; Wenger & Olden, 2012). 
Interpolation may support biased model 
candidates for two reasons. First, training and 
validation data sets are exposed to the same 
unobserved factors and collinearity between 
covariates. Second, spatio-temporal random 
effects are accurate predictors for interpolation 
and may correct for erroneous covariate effects 
(Araújo et al., 2005; Elith, Ferrier, Huettmann, 
& Leathwick, 2005; Wenger & Olden, 2012).

With this background information, validation 
data sets were formed. Chapter (I) used the 
hydrography models for predicting across the 
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study area and period to track temporal changes 
in areal average conditions and to provide 
extensive maps of hydrographic conditions. The 
models were validated with leave-one-out cross-
validation (LOO-CV), where the model is trained 
as many times as there are data points. The data 
points are left out of the training data set one at 
a time and used as validation points (Vehtari, 
Gelman, & Gabry, 2016). Frequently, the 
validation point falls inside the spatio-temporal 
extent of the training data and as such, LOO-CV 
imitates interpolation.

Chapters (II and III) used SDMs to create 
extensive predictive maps and track temporal 
changes in species distributions. Further, in those 
chapters, the predictions extrapolate temporally 
and spatially, as much of the study area has not 
been sampled in each time point. The SDMs were 
validated with LOO-CV because data were too 
scarce to be split to produce spatio-temporally 
independent validation data. For extrapolative 
models, this is a suboptimal validation method, 
although it is often applied in data-limited 
study settings (Hooten & Hobbs, 2015). Thus, 
in chapters (I-III), where the models were 
validated using LOO-CV, we ensured the 
estimated covariate effects were physically (I) 
and ecologically (II-III) sensible.

Chapter (IV) used model validation to find 
the most generalizable model. The SDMs were 
tested with three different validation methods, 
fully spatially independent data, spatial block 
k-fold cross-validation (spatial block-CV), and 
LOO-CV. Spatial block-CV is similar to LOO-
CV, but data points are treated as groups (Roberts 
et al., 2017). Each group forms a spatially distinct 
block and each block is used one after another 
as validation data. This is a generally accepted 
validation technique for spatial and spatio-
temporal models because the effect of spatial 
random effects on the predictive mean decreases 
and training and validation data become more 
independent compared to LOO-CV (Fithian et 

al., 2015; Fourcade, Besnard, & Secondi, 2017; 
Roberts et al., 2017). 

Joint prediction
Areal and temporal averages are computed 

by jointly predicting for the data points, which 
are used for averaging. The models included in 
chapter (I) are used for jointly predicting to all 
the study cells within the study grid at multiple 

time points. For example, let f̂  be a multivariate 
random variable for the prediction so that, 

( )ˆ ˆˆ~ ,f N m K , where m̂  is a vector of 

predictive means and K̂  is the predictive 
variance-covariance matrix. Let w  be a vector 

of the same length as f̂ , length being N . Each 

element of w  is 
1
N

. The mean over the 

prediction data points is distributed as 

( )'ˆ ˆ~ ,ˆwf N wm wKw .

Uncertainty propagation
Chapter III computed the proportions of 

Arctic marine mammal populations exposed to an 
oil spill from a marine accident. This information 
was formalized into a probability distribution 
and uncertainties about the species intensity 
prediction and environmental conditions were 
propagated via Monte Carlo sampling.

In practice, the study period was discretized 
into four seasons, the season was fixed for 
analysis, and samples were taken from the 
covariates from that season between the years 
2009 and 2013. This reflected the natural 
variation in the environmental conditions in the 
study area in the most recent years of the study 
period. Each sample of covariate values was used 
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to predict the total intensity of the species over the 
Kara Sea. Next, a study cell along a traffic route 
(Figure 1, panel A) was fixed to be an accident 
location and with the samples of covariate values, 
species intensity and oil spill area around the 
accident cell were predicted. Presumably, species 
intensity does not vary inside the area covered 
by an oil spill, although a spill may cover more 
than one study cell. Therefore, species intensity 
in the accident cell was multiplied by the number 
of cells covered by the spill. Next, marginally 
dependent samples of species total intensity over 
the Kara Sea and species intensity in the oil spill 
area were derived. Thus, the proportion of the 
species population under the oil spill could be 
computed and a probability distribution for it 
could be derived.

In chapter (III), the probability distribution 
was also conditioned on species-specific 
vulnerability and sensitivity. However, those parts 
were left out here, as the primary interest of this 
thesis is methods for accounting for uncertainties 
in SDM predictions and environmental conditions 
in an unknown accident moment during a fixed 
season.

Summary of original 
publications

Chapter I
Chapter (I) studied temporal pattern of sea 

surface temperature and salinity in the Kara 
Sea between 1980 and 2000. The study was 
based on a large set of in situ observations. 
We applied a Gaussian observation model and 
assigned a GP prior (eq. 10) to the process model, 
which explained the hydrographic variation 
with climatic forcing, freshwater discharge, 
and unknown spatio-temporal processes. We 
adjusted the effects of climatic forcing locally 
across the study area with spatially varying linear 
coefficients. 

The spatially varying covariate effects 
reflected dynamic surface circulation and 
improved predictive accuracy in locations far 
from hydrographic observation points. Visual 
inspection confirmed that the estimated spatially 
varying covariate coefficients were physically 
reasonable. The results supported the idea that 
climatic conditions during winter months are 
important drivers of the hydrographic conditions 
for the next summer season. Visual assessment 
confirmed the presence and shape of a freshwater 
impact zone in front of the river estuaries and 
seasonal variation in its location and range. 

The results showed that sea surface 
hydrography has undergone changes comparable 
to those predicted by previous studies. Sea 
surface temperature had increased with almost 
100 % certainty and salinity had decreased with 
77 % certainty. However, the uncertainty about 
the magnitude of these changes was high. The 
changes occur in late summer when the whole 
Kara Sea is ice-free. The southern Kara Sea had 
undergone a more probable temperature increase 
than the northern part. For salinity, regional 
differences were less clear.

Chapter II
Chapter (II) studied the distributions of 

polar bears, walruses, and ringed seals in the 
Kara Sea between 1996 and 2013. SDMs 
were built separately for each species with an 
inhomogeneous Poisson point process (eq. 6). 
We assigned each species’ log intensity a GP 
prior, which was a function of environmental 
covariates, spatio-temporal random effects, and 
a categorical source study-specific random effect. 
Polar bears’ log intensity was also computed as 
a function of the expected relative intensity of 
ringed seals. Hence, an SDM was built for ringed 
seals before polar bears.

We used the sea surface salinity model from 
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chapter (I) to derive salinity predictions over the 
study area for each month between 1980 and 
2000. The predictions were used to create a 
monthly average map of the spatial variation 
in salinity. We used these maps in the SDMs 
to reflect the freshwater impact zone, which 
supports higher primary productivity than marine 
areas, due to the high nutrient content of the fresh 
drainage water. 

The estimates of the covariate effects and 
variance of the estimates varied between species. 
Polar bears were primarily dependent on the 
expected relative intensity of ringed seals with 
high certainty. The effects of ice cover and 
distance to coast were uncertain. Sea surface 
salinity positively affected polar bears’ log 
intensity with a remarkable level of uncertainty. 
The estimated habitat characteristics of walruses 
were highly uncertain because we only had a 
few positively valued abundance observations. 
Ringed seals’ relative log intensity depended on 
both sea ice concentration and the distance to the 
coast and sea surface salinity.

The spatial random effect, survey effort 
random effect, and overdispersion were 
important for each species. Of the three species, 
polar bears’ log intensity was the best explained 
by the covariates. The spatial random effect of 
the polar bear SDM preferred long length scales, 
which correspond to a nearly constant effect 
over the study area. The overdispersion of the 
observation model was highest for polar bears, 
which means that there is observation specific 
random variation. Walruses’ log intensity was the 
best explained by random effects, particularly 
by a random effect reflecting varying sampling 
efforts. Ringed seals’ log intensity was the most 
dependent on spatial random effect with the 
shortest spatial correlations. For each species, 
spatio-temporal random effects had short 
temporal lengthscale estimates, so that random 
effects correspond to a solely spatial one. 

When reporting predicted intensities, I refer 
to specie’s relative intensity as relative density. 
This is because species’ relative density in a study 
cell is a more intuitive metric for species’ relative 
abundance than relative intensity. The expected 
relative densities of the species varied seasonally 
(Figure 5). SDMs for polar bears and ringed seals 
were inter-related through their model structures, 
which created similar distributions. Both species 
were most abundant between the central and 
western Kara Sea. Walruses were abundant in 
the coastal areas (Figure 5). The distributions 
of all species changed during the study period. 
Ringed seals became more abundant almost 
throughout the study area. Polar bears became 
more abundant in the same areas, but at a lower 
rate. Walruses became less abundant throughout 
the Kara Sea (Figure 5).

The study created spatio-temporal mappings 
of species relative densities, which empirically 
exhibited the most important habitats for the 
species and assessed their vulnerability to 
environmental change. The model estimates 
were used for predicting species distributions 
in chapter (III).

Chapter III
The species distribution predictions from 

chapter (II) were used to assess the proportions 
of the species populations in the Kara Sea that 
will perish over a two-week period due to an oil 
spill. Here, we defined hazard as the proportion 
of a species population that perishes due to oil 
contamination and assigned it a probability 
to make the study into a comprehensive risk 
analysis. Species intensities were combined 
with information about the vulnerability and 
sensitivity of different species to oil, and the 
location of marine traffic routes. 

The study setup accounted for the most 
important aspects of the oil spill risk assessment: 



35

the spatio-temporal variation of species 
intensities, the seasonally varying vulnerability 
and sensitivity of species to oil, and the spatio-
temporally varying spreading capacity of oil 
(Figure 6). The vulnerability of a species refers to 
the probability that species will come into contact 
with oil if it occurs in the same location as an 
oil spill, and sensitivity refers to the probability 
that the species perishes after oil contamination.

We conducted an ERA for each studied cell, 
which intersected a traffic route. We compared 
the traffic routes with respect to the average and 
total proportions of species populations, which 
are expected to perish due to an oil spill in the 
cells along the traffic route.

The risks varied by species, season, and traffic 
route. The results showed that the way species 

distributions are predicted is not trivial for ERA. 
Relative density predictions provided different 
risk levels compared to occurrence probability 
predictions (Figure 6), owing to the different 
information content of the predictions. If a species 
population clusters in a few cells, like ringed 
seals do in the Kara Sea, occurrence probability 
does not fully communicate the spatial pattern 
of areal abundances. Risk assessment based 
on occurrence probabilities underestimated the 
risks. On the other hand, predictions for walruses 
were vague with little spatial clustering. There, 
occurrence probability-based risk assessment 
overestimated risks (Figure 6).

Incorporating the variation of SDM 
predictions and expected environmental 
conditions into ERA inflated its’ uncertainties 

Figure 5. Species’ areal relative densities. The seasonal relative density maps are averaged relative densities 
over the months of the specific seasons for the years 1996-2013. The seasons included the months: December-
February (winter), March-June (spring), July-September (summer), and October-November (autumn). The last 
column of relative changes during the spring season relative densities was derived by comparing the relative 
densities of the first and second halves of the study period. The figure was derived from (Mäkinen & Vanhatalo, 
2018).
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(Figure 6). Predictions were uncertain, particularly 
for walruses, because SDM provides uncertain 
estimates for the environmental covariate effects 
(Figure 6). Moreover, we could not assume what 
environmental conditions will be like when an oil 
spill occurs and thus, could not fix the conditions. 
Due to randomness in the SDM predictions and 
environmental conditions, and sparse knowledge 
about species vulnerability and sensitivity, the 
risks posed by oil spills involved high levels of 
uncertainty. These points should be considered 
in the context of decision making by using some 
other metric than mean risk, i.e. 0.8 quantiles of 
a probability distribution. 

Chapter IV
Chapter (IV) focused on the estimation and 

prediction accuracy of spatially-explicit SDMs, 
which explained species distributions jointly 
with a spatial random effect and covariate effects. 
Such models are expected to suffer from poor 

identifiability of covariate effects estimates 
because (1) there may be collinearity between 
the observed covariate and unobserved process, 
and (2) the covariate effect may be collinear with 
the spatial random effect. Inaccurate estimates 
decrease spatial extrapolative prediction accuracy 
and impair the geographical transferability of the 
model. This study compared identifiability and 
prediction accuracy in different spatial study 
settings, where the spatial structures of covariates 
and unobserved process were altered. The study 
was conducted with simulated and empirical 
data. In the simulated analysis we covered two 
possible scenarios. First was for independently 
sampled covariates, which may be correlated 
by chance. The second was for dependently 
sampled covariates, which are systematically 
more correlated than in the first scenario (Figure 
7, panels A and B). The study showed how the 
spatial scales and mutual dependence of the 
unobserved and observed covariates affected 
the identifiability, how accuracies in estimation, 

Figure 6. The proportion of a species population (y-axis) that perishes due to an oil spill, if the accident 
happens along marine traffic route 3 (Figure 4: panel A) during different seasons. We averaged the results 
over all possible accident locations along the traffic route. The distance between possible accident locations is 
around 5 km (spatial resolution of data). Occ=species distribution is described as a median estimate of species 
occurrence, dens=species distribution is described as a median estimate of species relative areal density, 
p=parameter uncertainty of SDM is accounted for by describing species distribution as a probabilistic distribution, 
p+e=uncertainty about environmental conditions is accounted for, p+e+BI=instead of assuming that biological 
impact (BI) =1 and that all individuals in an oil spill area will perish, BI is modeled and the uncertainty of the model 
estimates is incorporated into the model.  The figure is derived from (Helle et al., 2020).
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interpolation, and extrapolation were interrelated, 
and lastly, how identifiability could be improved 
by restricting the variability of a spatial random 
effect. 

The results of the study showed that the 
accuracy of covariate effect estimates decreased 
along with the increasing correlation between 
the unobserved and observed covariates (Figure 
7, panels G and H). Furthermore, estimation 
accuracy suffered in cases where the unobserved 

covariate varied on a finer spatial scale than the 
observed covariates. This implies that in many 
ecological studies, where species distribution is 
explained only by coarse-scale covariates, the 
estimates of the covariates’ effects may be subject 
to errors. The results of the simulated study 
showed that, if the unobserved and observed 
covariates were independent but were collinear 
by chance, the estimates of covariate effects were 
erroneous but unbiased over multiple simulated 

Figure 7. Results of the simulated analysis. Realized correlation between observed () and unobserved () 
covariates (panels a and b), error and posterior variance for intercept (; panels c-d and e-f) and covariate effect 
(; panels g-h and i-j) in different simulation and prediction scenarios. The left column is for scenario 1, where 
covariates are simulated independently, and the right column is for scenario 2, where covariates are simulated 
dependently. In each plot x-axis is for the relation of the spatial structures of the covariates. The letters  and  
denote the length-scales of the spatial covariance functions used as simulation kernels for simulating the 
covariates, and the notations in the x-axis: with   varies in a remarkably finer spatial scale than , with   varies in 
slightly finer scale than , with   and  vary with same spatial scales, with   varies in a finer spatial scale than  and 
with   varies in a remarkably finer spatial scale than . The distributions of boxplots are computed over inferences of 
multiple simulated samples of covariates (760 in total).
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covariate samples. If covariates were simulated 
dependently, the covariate effect estimates were 
systematically biased and erroneous (Figure 7, 
panels G and H). In many empirical data sets, 
the unobserved processes depend presumably on 
the observed covariates, which creates biased 
estimators.

Interpolative accuracy was a poor measure 
for model identifiability, as the spatial random 
effect corrected the erroneous covariate effects. A 
spatial block-CV was a more robust method for 
testing the generalizability of the model. During 
the simulation part of the study, extrapolation 
was tested in two cases. In the first, the data 
generating process was held constant between 
the training and validation data sets. This created 
similar collinearities between the unobserved and 
observed covariates for both data sets. In the 
second part, the data generating process was 
altered by changing the theoretical correlation 
between the covariates. This approach created 
less similar collinearities between the data sets 
than the first approach. The predictive accuracy 
of all models suffered from a change in the data 
generating process. Such changes are probable 
when predicting species distributions in future 
or remote conditions. A spatial random effect 
improved the predictive accuracy of the models in 
all prediction scenarios. The study recommends 
accounting for an unobserved process with a 
spatial random effect. However, improvement in 
estimation and prediction accuracy from a spatial 
random effect depended on the prior restrictions 
on the spatial random effect. Results showed that 
estimation accuracy increased when a spatial 
random effect was restricted to have a zero-mean 
over the data points, spatial autocorrelation of 
a spatial random effect was restricted to short 
distances, and the magnitude of variation of a 
spatial random effect was restricted to small 
values. The study gave general and applicable 
recommendations for using a spatial random 

effect in an SDM.

Discussion

Each chapter of this thesis contributes to 
the development of statistical methodology 
for studying environmental and ecological 
change by using joint predictions for detecting 
hydrographic changes over large areas and time 
periods (chapters I and II), fitting an SDM on 
heterogeneous observations (II), using SDM 
predictions for risk assessment (III), and 
improving the identifiability of a spatially-
explicit model (IV) (Figure 8). Along with the 
methodological findings, the thesis provides 
new information about the magnitude of 
environmental change in marginal Arctic areas.

Model-based covariate mappings
Temporal changes in the sea surface 

hydrographic conditions of the marginal Arctic 
seas have not been conclusively confirmed 
previously (Steele & Ermold, 2004; Steele et 
al., 2008). Although the reference studies have 
longer temporal extents, the results of chapter (I) 
can be compared with the latter part (1965-1995) 
of the reference analysis. Here, the assessment 
of temporal changes in surface hydrography 
accounts for the strong spatio-temporal random 
variation of surface hydrography by averaging 
predictions over a five year interval and over the 
entire study area. We account for the dependence 
of prediction cells by computing their joint 
prediction and treat the average over the study 
area and time period as a random variable. Thus, 
model uncertainty is fully withheld throughout 
the analysis. This approach provides a more 
comprehensive assessment of large-scale 
temporal changes than comparing predictions 
of single study cells and single time points 
would provide. Such probabilistic approaches 
are valuable for detecting large-scale changes 
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and separating long and short-term temporal 
changes. Chapter (I) provides more spatially 
accurate hydrographic information than was 
previously available for future use as covariates 
in SDMs (Harms & Karcher, 1999; D. R. 
Johnson, McClimans, King, & Grenness, 1997; 
Panteleev, Proshutinsky, Kulakov, Nechaev, & 
Maslowski, 2007; Pavlov & Pfirman, 1995; 
Reynolds et al., 2007; Simstich et al., 2005).

Combining heterogeneous data
Like covariates, Arctic species data are also 

scarce. Thus, species vulnerability assessments 
are vague for remote Arctic areas (Hauser et al., 
2018; Laidre et al., 2015). Moreover, single surveys 
are conducted with specific methodologies, 
which are tailored to specific study questions and 
budgets. Combining data from multiple surveys 
to improve spatio-temporal and taxonomic 
coverage is problematic due to the inconstant 
sampling effort between surveys. (Fletcher et 
al., 2019). Such inconstancy biases estimations 
of species-environment relationships. Thus, the 
SDMs described in chapter (II) contain more 
uncertainties than the hydrography models based 
on homogeneously surveyed data in chapter 
(I). The inconstant sampling effort would not 
compromise the analysis if SDMs were only used 
for interpolating between study points. Chapter 
(II) predicts species relative density outside the 
sampled area and time points, where predictions 
suffer from biased covariate effects (Renner et al., 
2015; Warton et al., 2013). Treating the varying 
sampling effort in chapter (II) with a categorical 
random effect seemed justified and improved 
interpolative predictions. The positively valued 
estimates for the categorical random effects 
imply that including positive-only abundance 
observations increased the estimated intensities 
of the species on average. 

The set of observational data on Arctic 
marine mammals provided novel information 

about their habitat characteristics and geographic 
distributions in the marginal Arctic seas. For 
polar bears, the model predictions provided a 
more spatio-temporally accurate assessment 
of the distribution of Kara Sea populations 
compared to previous studies (Matishov et 
al., 2014; Mauritzen et al., 2002). There were 
not any previous distribution assessments for 
walruses and ringed seals and thus, nothing to 
compare the predictions with. The parameter 
and covariate effect estimates indicated that 
the model could not fit a strong relationship 
between the covariates and the relative log 
intensity of walruses. The estimated covariate 
effects for ringed seals were similar to those 
described by previous studies (Krafft, Kovacs, 
& Lydersen, 2007; Reeves, 1998). Due to the 
dependency of polar bears on ringed seals (I. 
Stirling, Andriashek, & Calvert, 1993; I. Stirling 
& Oritsland, 1995), the confirmed prediction of 
the polar bears’ geographic distribution should 
have indicated a realistic ringed seal prediction 
as well.

Estimation of spatially-explicit SDMs
The biases and errors of covariate effect 

estimates depended on the spatial scales of the 
unobserved process and observed covariates, as 
demonstrated by (Paciorek, 2010). Here, I tested 
such a case, where the unobserved process was 
an unmeasured ecologically important covariate, 
which affected the distribution of the focal 
species. If the unobserved covariate varied on a 
finer spatial scale than the observed covariate, 
the model estimates were erroneous despite of 
assigning a spatial random effect in the model. 
The study showed that in such study settings, 
where the unobserved covariate varies in a 
relatively fine spatial scale, spatially-implicit 
models (not having a spatial random effect) are 
exposed to erroneous covariate effect estimates 
due to the collinearity between the unobserved 
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and observed covariates, whereas spatially-
explicit models were erroneous also due to 
the misidentification of covariate and spatial 
random effects. If the unobserved and observed 
covariates were dependent, the covariate 
effect estimates were systematically biased in 
spatially-implicit and –explicit models over 
multiple samples. The results and conclusions 
broaden the debate around the applicability of 
a spatial random effect in estimating the effects 
of environmental covariates on the focal species 
(Betts et al., 2009; Dormann, 2007; Guélat, Kéry, 
& Isaac, 2018; Lany et al., 2019). This thesis 
shows explicitly that the estimation accuracy is 
not only a function of collinearity between the 
covariate and the unmeasured process but also 
of their spatial scales.

The results offer a warning example to large 
scale SDMs, which rely on coarse scale abiotic 
covariates. Coarse scale climatic covariates 
are easily available (Fick & Hijmans, 2017), 
whereas fine scale topography, soil, and land-
use covariates are more expensive to sample. 
According to our study, SDMs relying solely on 
coarse scale covariates, but which are missing 
data about processes varying on fine spatial 
scales, are exposed to at least erroneous but 
possibly even biased covariate effect estimates. 
The errors are severe especially for those species 
which largely depend on the fine scale processes. 
This has been demonstrated for butterflies 
(Araújo & Luoto, 2007), plant species (Meineri 
& Hylander, 2017; Niittynen & Luoto, 2018) and 
birds (Frey et al., 2016) previously. In each of 
the examples, the model estimates and predictive 
accuracies were improved by incorporating fine 
scale covariates in the models. The results of 
this study can be applied to other unobserved 
factors, such as interspecific dependencies, the 
movement of species individuals, and population 
dynamics. These factors create patchiness in 
species distributions (Schulz, Vanhatalo, & 

Saastamoinen, 2019) and when not accounted 
for may hamper estimation of covariate effects 
(Barry & Elith, 2006; Keith et al., 2008).

How well a spatial random effect explains the 
effects of an unobserved process, and thus returns 
more accurate covariate effect estimates, has 
invoked a fruitful debate. The literature around 
this is divided to those recommending the use 
of a spatial random effect for purifying covariate 
effect estimates (Hanks et al., 2015; Latimer, Wu, 
Gelfand, & Silander, 2006; Lennon, 2000), and 
to those opposing this (Diniz-Filho et al., 2003; 
Hawkins et al., 2007; Hodges & Reich, 2010; 
Lany et al., 2019). The result of the chapter (IV) 
support the use of a spatial random effect for 
decreasing errors and biases in covariate effect 
estimates but conditional on prior restrictions 
on a spatial random effect. Our study shows 
that assigning a spatial random effect with 
commonly applied prior settings, which prefer 
long length-scale of a spatial random effect, 
in the model to account for these unobserved 
factors, as demonstrated in (Latimer et al., 2009; 
Latimer et al., 2006; Ovaskainen et al., 2015), 
may not necessarily solve all the issues in model 
estimation. This creates more demand on setting 
sensible prior restrictions on the model functions.

Applying restrictive prior distributions on 
a spatial random effect adjusted the inference 
by (1) decreasing the error and bias of the 
estimated covariate effects and model intercept 
and (2) correcting the posterior variance of the 
covariate effects to a realistic level. The prior 
choice mattered the most in cases, where errors 
and biases of spatially-explicit models increased 
compared to a spatially-implicit model. As a rule 
of thumb, length-scale of a spatial random effect 
should be restricted to short distances with respect 
to the spatial scales of the observed covariates. 
Moreover, we should restrict magnitude of 
variation to relatively small values compared to 
the covariate effect estimates. By preferring overly 
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long length-scales of a spatial random effect, the 
posterior variance of the covariate effects became 
overly inflated. The prior choice did not matter 
much in cases where the unobserved covariate 
varied on a coarser spatial scale than the observed 
covariates, but played an important role, when 
the unobserved covariate varied on a finer spatial 
scale. Moreover, in the latter case the estimation 
errors and possible biases were more severe as 
well. Thus, applying the restrictive priors to 
support short length-scale compared to the spatial 
scales of the covariates and a low magnitude 
of variation of a spatial random effect would 
be a safe choice, when we cannot assume how 
the unobserved process varies in the study area. 
This is an opposite approach to those traditionally 
applied in ecology, where spatial random effects 
are considered to be spatially coarse-scale 
smoothers (Clayton et al., 1993). This thesis 
provides an interesting counter-example to the 
common statistical tools for fitting SDMs, such 
as  INLA (Rue et al., 2009; Soriano-redondo 
et al., 2019; Yuan et al., 2016), about how to 
prioritize a spatial random effect. With respect 
to these results, recently introduced penalized 
complexity priors (Fuglstad et al., 2018) prefers 
a smoothly varying spatial random effect and 
thus may create biased estimates and overly high 
posterior variance for the covariate effects.

Furthermore, a spatial random effect was 
restricted as well by constraining its’ mean over 
data points to zero. This decreased the error and 
posterior variance of the model intercept without 
impacting the covariate effect estimates, and thus 
seemed like a reasonable choice. Without a zero-
mean restriction model intercept is computed as 
the difference between the averages of response 
variable and a spatial random effect creating 
unexpected and nearly uninterpretable estimates. 
Furthermore, without the restriction, posterior 
variance of the model intercept increased 
unrealistically high. This restriction has been 

suggested earlier by (Hanks et al., 2015; Hodges 
& Reich, 2010), but has not been a common 
choice for a GP-type spatial random effect in 
SDMs. In addition, the study takes a stand against 
a frequently applied restriction, where a spatial 
random effect is orthogonalized to the covariates 
(Hodges & Reich, 2010). If restricted so, a spatial 
random effect does not have an impact on the 
covariate effect estimates. It has been applied 
and suggested for use in spatial ecology as well 
(Crase, Liedloff, & Wintle, 2012). This thesis 
does not recommend the use of such strong 
restrictions because the covariate effect estimates 
were clearly improved in many study cases by 
assigning a spatial random effect in the model. 
This has been demonstrated by (Hanks et al., 
2015) previously as well.

The study showed that erroneous or even 
biased model estimation could be investigated 
by comparing interpolative and extrapolative 
predictive accuracies. There difference between 
interpolative and extrapolative accuracies 
should be greater for biased models than for 
accurately estimated models (Bahn & McGill, 
2007, 2013; Wenger & Olden, 2012). Chapter 
(IV) confirmed that spatially-explicit testing 
is necessary for model comparison because 
there, training and validation data sets are 
more likely to be spatially and environmentally 
independent than in interpolation.  The study also 
confirmed that spatial block-CV reflects well the 
extrapolative performance as stated in (Roberts 
et al., 2017), but conditional on that the blocks 
are environmentally distinct and that the blocks 
are separated by an adequately sized barrier. This 
refers to the fact that the correlation between 
unobserved and observed covariates should vary 
between spatial blocks to detect erroneous and 
biased covariate effect estimates. If correlation 
remains constant, then the biased covariate effect 
estimates make accurate predictions in validation 
blocks as well.
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These results clearly indicate that estimation 
accuracy and uncertainty assessment affect the 
geographical transferability of SDMs. The 
environmental novelty of validation data set has 
been argued in earlier studies to be an important 
factor in decreasing predictive accuracy of 
SDMs (Heikkinen et al., 2012; Sequeira et al., 
2018; Sequeira et al., 2016; Sundblad, Härmä, 
Lappalainen, Urho, & Bergström, 2009; Yates 
et al., 2018). However, I claim that accuracy 
of covariate effect estimates is essential as 
well because correctly estimated covariate 
effects can be used to accurately extrapolate 
into novel environments. This is conditional 
on the assumptions that there are not sudden 
changes in species-environment responses in 
novel conditions, and that the environmental 
gradient has been surveyed extensively to cover 
conditions of a species current distribution well.

Use of model predictions
All the models and data choices included 

in this thesis improved model predictions in 
terms of accuracy and the communication of 
uncertainty (Figure 8). Chapter (I) showed 
one possible solution, which depicted how 
the predictions could be computed to provide 
a comprehensive uncertainty assessment for 
large-scale and long-term changes. Chapters 
(II and III) described different aspects of SDM 
predictions from the decision-analytic point of 
view. They provided us with suggestions about 
how SDMs should be built to ensure model 
predictions provide accurate information about 
the distribution of species populations. With the 
species count and presence-only data, we could 
assess the relative abundance of species. Many 
SDMs are fit with presence/absence or presence-
only data, which can only inform us about the 
occurrence probability of the species (Franklin, 
2010). Occurrence probability and abundance 
may depend on different processes and have 

different spatial patterns (Dallas & Hastings, 
2018; Estrada & Arroyo, 2012; Weber, Stevens, 
Diniz-Filho, & Grelle, 2017). In chapter (III) we 
confirmed  (Estrada & Arroyo, 2012)’s conclusion 
that occurrence probability is an inadequate 
measure for species monitoring if populations 
occur  in only a few patches with high densities. 
If population-based ERA was conducted 
based on expected occurrences, it would have 
underestimated the risks (posed by oils spills) 
for ringed seals and polar bears, which occur in 
spatially clustered patterns. Moreover, in chapter 
(III), occurrence probabilities were computed 
by transforming intensities into occurrence 
probabilities. The difference between abundance 
and occurrence probability-based ERAs would 
have most likely been greater if the species data 
would have been flattened to presence/absence 
to make the occurrence probability-based ERA. 
This is because estimated species-environment 
relationships may differ between count data-
based and presence/absence data-based SDMs.

In addition, predictions should fully 
communicate the uncertainties related to 
model and environmental conditions (Figure 
8). Chapters (II and IV) showed that random 
effects increase the posterior variance of the 
covariate effect estimates, which was noted 
also by (Hanks et al., 2015; Hodges & Reich, 
2010). Variance increases because the posteriors 
of covariate effect estimates are marginalized 
over random effects. Variance expresses a lack 
of understanding about the processes controlling 
species distribution. Chapter (IV) showed that 
appropriately increasing variance is an essential 
feature of extrapolative predictions, as it widens 
predictive distributions and improves predictive 
densities but that too high posterior variance may 
also distort model interpretation.  In chapter (III), 
an increase in predictive variance should increase 
the chances that the predictive distribution of the 
proportion of a species population under an oil 
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spill includes the correct value.
Another source of uncertainty in ERA, 

described in chapter (III), was the environmental 
conditions where an accident takes place 
(Figure 8). In practice, we cannot anticipate the 
conditions at the time of a real accident. This 
could be accounted for in ERA by assuming 
randomness in environmental conditions.  
Environmental variation creates a remarkable 
part of the uncertainty about the proportion of 
species populations in contact with an oil spill 
(Figure 6). Thus, accounting for randomness 
in environmental conditions is a crucial part of 
producing realistic ERAs.

Future perspectives
A possible next step would be to consider 

sampling errors, uncertainties and the spatial 
scales of the covariate data. Previous studies 
have shown that sampling errors in covariate 
data decrease estimation and prediction accuracy 
of SDMs (Barry & Elith, 2006; Gábor et al., 
2019; McInerny & Purves, 2011). In the thesis, 
covariates are considered to be spatially fixed, 
although a more comprehensive approach would 
be to account for their uncertainty and treat them 
as random variables. Randomness would be a 
valid assumption, as none of the data sets are 
observed in situ, but are instead generated by 
a statistical model (Aalto, Riihimäki, Meineri, 
Hylander, & Luoto, 2017) and are spatio-
temporally aggregated. Adding covariate 
randomness into a SDM would increase 
posterior variance, and posterior distributions 
would better communicate uncertainties in the 
model estimation. As seen in chapters (III and 
IV), realistic uncertainty assessment is essential 
for making extrapolative predictions for different 
applications. However, there are not, to the 
best of my knowledge, any computationally 
easy methods available for conducting model 
inference with covariates, which are random 

variables.
In the future, the uncertainty around covariates 

may decrease along with increasing amount of 
accurate remotely sensed and downscaled data, 
such as there is from microclimatic variation 
(Maclean, 2019). Although covariate data can 
be derived with high spatial resolution, there is 
still spatio-temporal aggregation related to the 
generating process, and there is still randomness 
associated with the data (Lembrechts, Nijs, & 
Lenoir, 2019; Maclean, 2019; Suggitt et al., 
2017). Moreover, studies on past environmental 
changes must still rely on more uncertain data 
(Gillingham, Huntley, Kunin, & Thomas, 2012).

So far, the improved resolution and spatial 
scale of the covariate data have mostly been 
debated from the ecological point of view 
(Lembrechts et al., 2019). Higher resolution 
and finer scale data match better with the 
environment, to which species are exposed. 
However, there has been less of statistical 
debate about how the improvements affect the 
identifiability and extrapolative performance of 
SDMs. Based on the chapter (IV) fine-scale 
covariate data may be less exposed to erroneous 
and biased covariate effects in the presence of 
an unobserved process. This necessitates also 
that species have been sampled densely enough 
so that the sampling locations catch the fine-
scale variation of the environmental covariates. 
Otherwise the covariate values of sampling 
locations may represent coarser-scale variation, 
and covariate effects may easily be subject to 
errors and biases from an unobserved process. As 
a sensitivity test for this, chapter (IV) suggests 
of studying the spatial structure of the covariate 
data prior to fitting SDMs. Similar suggestions 
have been provided also by (Lany et al., 2019).

In the future, species data sets will become 
larger and more easily accessible. The joint use 
of citizen science and structured survey data is 
promising for detecting temporal changes in 
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well surveyed areas, but even outsourced data 
sets may still leave caveats in their cover and 
this approach does not solve the data scarcity 
problem in remote areas, like the Arctic and the 
tropics (Tuomisto et al., 2019). For example, 
chapter (II) utilized species data, which were 
not available in a georeferenced format. There 
are also methodological gaps in joint use of 
different survey data such as GPS tracking, 
camera traps and visual sightings, although there 
are approaches to tackle such methodological 
gaps (D. S. Johnson et al., 2013). Chapter (II) 
would have benefited from joint use of positional 
data of collared polar bears with visual sightings. 
Such positional data are available from the Kara 
Sea as well (Mauritzen et al., 2002). By applying 
a joint species distribution model in the analysis 
of a trophic interaction between polar bears and 
ringed seals, the GPS data from polar bears could 
have also improved model estimates for ringed 
seals (Ovaskainen et al., 2015).

Estimation biases due to collinearity between 
covariate and random effects was partly eased 
by prior information, but the approach left room 
for further developments, like parameterizing the 
correlation between those effects, as demonstrated 
by (Page et al., 2017). The slightly contradictory 
conclusions about prior settings compared to 
previous studies (Fuglstad et al., 2018) show that 
there is still a need for further research about 
how to prioritize a spatial random effect. There 
is also room for new diagnostic and sensitivity 
tests with respect to changes in model estimates 
resulting from assigning a spatial random effect 
in a model (Bose, Hodges, & Banerjee, 2018; 

Soerbye, Illian, Simpson, Burslem, & Rue, 
2019). The spatial covariance of covariates and 
random effects would offer insight into possible 
collinearities between them. Similar sensitivity 
tests are also needed for prediction practices to 
show possible sources of decreased predictive 
accuracy. For example, do models extrapolate 
spatio-temporally or environmentally, or is there 
change in the collinearity between processes 
controlling species distribution? This was noted 
also in an extensive review by (Feng, Park, 
Walker, et al., 2019).

Based on this thesis, there are two important 
implications for statistical spatio-temporal 
models, particularly for SDMs. First, models 
should be parameterized so that they explicitly 
account for the processes that presumably 
control species occurrences or densities, as was 
previously stated by (Dormann et al., 2012; 
Higgins et al., 2012). Second, spatio-temporal 
comparisons of predictions should account for 
both model uncertainties and natural variation of 
the environment.  These sources of uncertainty 
greatly affect how certain conclusions we can 
make about environmental and ecological 
changes based on the data.

Modeling methodologies have developed 
rapidly in geographical ecology and 
environmental management. Basic data-related 
issues, such as spatial scales of covariates 
and collinearity of separate effects, have not 
been addressed as thoroughly, though widely 
recognized. In the meantime, research is being 
conducted more frequently using heterogeneous 
data sets at global and multi-decadal scales. 

Figure 7. Results of the simulated analysis. Realized correlation between observed () and unobserved () 
covariates (panels a and b), error and posterior variance for intercept (; panels c-d and e-f) and covariate effect 
(; panels g-h and i-j) in different simulation and prediction scenarios. The left column is for scenario 1, where 
covariates are simulated independently, and the right column is for scenario 2, where covariates are simulated 
dependently. In each plot x-axis is for the relation of the spatial structures of the covariates. The letters  and  
denote the length-scales of the spatial covariance functions used as simulation kernels for simulating the 
covariates, and the notations in the x-axis: with   varies in a remarkably finer spatial scale than , with   varies in 
slightly finer scale than , with   and  vary with same spatial scales, with   varies in a finer spatial scale than  and 
with   varies in a remarkably finer spatial scale than . The distributions of boxplots are computed over inferences of 
multiple simulated samples of covariates (760 in total).
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Therefore, there is an urgent need for tools to 
detect unobserved factors from such data. This 
would improve the quality of model predictions, 
make them more applicable to decision-making 
contexts, and improve the credibility of research.

Conclusions

Projected future climate change and globally 
increasing anthropogenic pressure on ecosystems 
create demand for knowledge about the spatio-
temporal distribution of species. Understanding 
environmental change is based on observational 
data.  Such data is synthesized using different 
methods, like statistics and modeling. At large 
spatio-temporal scales, synthesis becomes 
uncertain due to the randomness of observations, 
which originates from different unmeasured 
processes.

This thesis solved practical issues related to 
the synthesis of observational data and statistical 
modeling. I used the Arctic marine ecosystem 
and terrestrial tundra ecosystem as case studies. 
This thesis first updated our understanding of 
the recent environmental and ecological changes 
that have occurred in the marginal Arctic seas. 
Second, it provides information about the 
vulnerability of Arctic marine mammals to 
climate warming and anthropogenic hazards. 
Third, this thesis provides a novel approach 
to assess erroneous model estimates in SDMs 
originating from unobserved ecological processes 
and hampering the interpretation and use of the 
model predictions.

This thesis develops methodologies and 
validates approaches for the robust treatment 
of in situ observations, spatial modeling, model 
prediction practices, and the subsequent use of 
models in environmental management. The key 
message is that although current ecological and 
environmental studies rely heavily on statistical 
methods, the analysis must be directed by 

ecological knowledge about the study phenomena 
and information about the sampling process of 
the data.
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Errata

Equation 2 should be:

( ), , | ,p f d Mθ γ =
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Equation 8 should be:

( ) ( )( )expx f xλ =

Figure captions for figures 7 and 8 should be:

Figure 7. Results of the simulated analysis. 
Realized correlation between observed ( x ) and 
unobserved ( z ) covariates (panels a and b), error 
and posterior variance for intercept (α ; panels 
c-d and e-f) and covariate effect (β ; panels g-h 
and i-j) in different simulation and prediction 
scenarios. The left column is for scenario 1, 
where covariates are simulated independently, 
and the right column is for scenario 2, where 
covariates are simulated dependently. In each plot 
x-axis is for the relation of the spatial structures of 
the covariates. The letters xl  and zl  denote the 
length-scales of the spatial covariance functions 
used as simulation kernels for simulating the 
covariates, and the notations in the x-axis: with 

x zl l  x  varies in a remarkably finer spatial 
scale than z , with x zl l<  x  varies in slightly 
finer scale than z , with x zl l=  x  and z  vary 
with same spatial scales, with x zl l>  z  varies 
in a finer spatial scale than x  and with x zl l  
z  varies in a remarkably finer spatial scale than 
x . The distributions of boxplots are computed 
over inferences of multiple simulated samples 
of covariates (760 in total).

Figure 8. Outline of the conclusions of the thesis. 
Spatio-temporal random effects are included 
in different parts of the workflow to improve 
predictive accuracy and uncertainty estimates. 
For the species distribution model, different 
types of species data were integrated for joint 
analysis. Together, data sets covered longer 
environmental gradients and a larger spatio-
temporal extent. Species distribution predictions 
were incorporated into an environmental risk 
analysis, which covered the most important 
sources of uncertainties. Those sources were 
environmental variation and species distribution 
model. For future works with a similar focus and 
interest, we assessed the sources of spatial errors 
and biases and developed a model prioritization 
approach to reduce it.


