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Abstract

This thesis discusses how Bayesian networks can be used to improve data analyt-
ics in the field of environmental assessment and management. The data-analytic
challenge is that ecosystems are complex and potentially changing, while the
available data are relatively sparse both in terms of the number of observations
and in which ecosystem components they cover. This thesis takes steps towards
better analysis of these sparse data through combining pre-existing, uncertain
information such as modelling results and expert knowledge with modern, prob-
abilistic data analysis. A better understanding of ecosystems’ functioning and
change is essential in order to manage the protection and sustainable use of
ecosystems.

The thesis consists of five articles that focus on three aspects of ecosystem data
analytics: prediction of the value of an ecosystem status indicator based on other
observed variables, detection of systemic change in the ecosystem, and process-
ing and presenting ecosystem projections and the linked uncertainties for decision
making. For these purposes, the articles present a set of models for indicator pre-
diction based on other ecosystem variables, a series of dynamic Bayesian networks
for environmental change detection, and a Bayesian model emulator to bring to-
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gether a set of different ecosystem models, assess the related uncertainties, and
present their scenario simulation results in a unified framework.

Ecosystem indicators serve as simplified metrics indicating whether the specific
ecosystem component is in acceptable ecological status, or whether management
measures should be undertaken to improve it. However, the complexity of ecosys-
tem interactions means that it may be difficult to assess which factors contribute
to the good or poor state. This thesis explores how Bayesian network classifiers,
particularly tree-augmented Naive Bayes, can help understand which environ-
mental factors affect the abundance of coastal fish. The approach allows maximal
use of the available heterogeneous and sparse data. This work explores different
discretizations of the class variable and discusses the implications of the differ-
ences between the resulting models and contributes to the still relatively quiet
discussion about discretization schemes. The features are discretized to minimise
information loss, and features for which no meaningful discretization is found are
discarded, therefore constituting feature selection. It was found that the method
can help find the relative importance of different features even with sparse data.

Detecting change in the ecological processes based on the sparse, often noisy
data is challenging. This thesis builds dynamic Bayesian network models to
detect change in the Central Baltic Sea ecosystem interactions, and explores the
effect of different model structures and hidden variable set-ups in detecting the
ecosystem change. It is shown that the hidden variables of the models are able
to identify ecosystem change, and that this result does not depend on the exact
model structure or hidden variable set-up.

Decision support models aim to integrate information regarding all of the inter-
linked aspects of the decision problem such as different parts of the ecosystems
as well as economic and societal considerations. To be useful, decision support
models need to be able to provide estimates of uncertainty of the different assess-
ments and projections. This thesis reviews various methods that have been or
could be applied to evaluate the uncertainty related to deterministic models’ out-
puts, and evaluates when these methods are appropriate and what must be taken
into account when applying them. Further, this thesis builds a large probabilis-
tic meta-model to demonstrate how a Bayesian network based decision support
model can be used to summarise a large body of research and model projections
about potential management alternatives and climate scenarios. The data stem
from multiple different models operating on different scales, and a crucial task



is to fit these results together in a manner that is faithful to the original results
and maintains the consistency of the metamodel. The thesis evaluates critically
the different sources of uncertainty and their interpretation in the environmental
management context.

Bayesian networks are showing their strength for different tasks of environmental
data analytics. Elegant handling of missing data, explicit and rigorous handling
of uncertainty, and the possibility to use prior scientific knowledge and data
together in analyses in a transparent way are strong advantages for Bayesian
analysis for environmental data that often contain missing values and are scarce.
In addition to being flexible and, thus, able to integrate different types of informa-
tion and data, they are transparent, allowing critical assessment and discussion
of the models. This is important as environmental data analytics are often used
to support decision making on the use of ecosystems, affecting the lives of current
and future generations.

Computing Reviews (2012) Categories and Subject

Descriptors:
Applied computing — Physical sciences and engineering — Earth and
atmospheric sciences — Environmental sciences
Computing methodologies — Artificial intelligence — Knowledge
representation and reasoning — Probabilistic reasoning

General Terms:

Bayesian network, Hidden variable, Environmental modelling

Additional Key Words and Phrases:
Dynamic Bayesian network, Decision support
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Chapter 1

Introduction

This thesis falls into the category of data science, in the intersection of statistics,
computer science, and domain knowledge, in this case, environmental science.
Data science is, by nature, interdisciplinary, but environmental data science has
not been intensely developed so far (Blair et al. 2019). This thesis consists of five
articles that explore the use of Bayesian networks as a method to better under-
stand the marine ecosystem. The data-analytic challenge is that the systems are
complex and potentially changing, while the available data are relatively sparse.
This thesis takes steps towards better analysis of these sparse data through com-
bining pre-existing, uncertain information such as modelling results and expert
knowledge with modern, probabilistic data analysis.

1.1 Background and motivation

As the human footprint on the world increases, protection of ecosystems is cru-
cial for the continued existence and wellbeing of humanity. In order to protect
the ecosystems while still being able to enjoy the benefits they give us, such as
food, raw materials, and recreation, we need to understand their functioning.
Ecosystems are, however, complex systems that include a high number of poten-
tially interacting components such as habitats, species, and different age and size
groups behaving in different ways. Temporal and spatial scales that are relevant
for these components vary from days to decades and from centimetres to hun-
dreds of kilometres, and interactions between these components also take place
on multiple spatial and temporal scales. This complexity is a challenge to data
science (Blair et al. 2019).



2 1 INTRODUCTION

Anthropogenic pressures drive ecosystems towards new states, such as dif-
ferent species abundances, distributions, and predation patterns (Nelson et al.
2006). This change may be driven by changes in biogeochemical factors such as
temperature, salinity, pH changes, or nutrient availability (Capuzzo et al. 2018;
Jissi et al. 2008; Makinen et al. 2017; Suikkanen et al. 2013), changes in species
biomass due to fishing and hunting (Daskalov et al. 2007; Eero et al. 2011; Hard-
ing and Harkonen 1999), introductions of new species that may change the system
dynamics (David et al. 2017; Jormalainen et al. 2016; Katsanevakis et al. 2014;
Norkko et al. 2012), or any combination of these factors (Blenckner et al. 2015;
Griffith et al. 2011; Halpern et al. 2015; Mollmann et al. 2008). These changes
may be gradual (Duarte et al. 2009; Hillebrand et al. 2020) or relatively abrupt
(Alheit et al. 2005; Beaugrand 2004; Conversi et al. 2010), and they may be diffi-
cult to discern from the natural variability of the system. The possibility of these
changes adds a layer of challenge on top of the already challenging analysis of the
complex system, as they may hinder the knowledge discovery and generalisation
from past data (Séez et al. 2015). The data analyst must be vigilant of potential
changes in the system dynamics while not overreacting to data variability and
outliers.

Environmental data comes from multiple sources, such as autonomous and
semi-autonomous measurement instruments, satellite images, and field sampling
campaigns, as well as citizen science observations, historical records, and e.g. so-
cial media data mining (e.g. Blair et al. 2019; Lehtiniemi et al. 2020; Mack et al.
2020). While modern technologies offer increasing opportunities for spatially and
temporally intensive monitoring (Mack et al. 2020), understanding many ecosys-
tem processes still requires data obtained through field sampling. In temperate
climates, the seasonal cycle has a strong effect on the functioning of the ecosys-
tems, imposing a yearly cycle of growth and reproduction on many species, and
making the year a natural time step for many ecological observations. This means
that even impressive long-term datasets may have only 30-50 observations, and
even with more frequent observations, the yearly cycle needs to be taken into
account when analysing the data.

Complications in the study of longitudinal data arise also from the fact that
the data collection process has only rarely stayed consistent across all variables
all through the time series, but there are changes in the timing, location, or gear
of the sampling, and not all variables are available all through the time series;
some perhaps only for one year or every 3rd, 5th, or 10th year. Observations
may be missing due to equipment failures, weather conditions, etc. There may be
differences in the timing, location, and accuracy of the data of different ecosys-
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tem components, making it challenging to combine them in data analysis in a
straightforward manner.

Therefore, even high-quality datasets may be small in terms of number of
observations, and the data may be sparse due to missing observations. Addition-
ally, any environmental monitoring process only includes a part of the ecosystem
components due to historical, economic, epistemic, and other reasons. For ex-
ample, in the central Baltic Sea, fish stock data exists for the key commercially
exploited species herring (Clupea harengus membras), sprat (Sprattus sprattus),
and cod (Gadus morhua), but a central species in the food web, the three-spined
stickleback (Gasterosteus aculeatus), remains largely unobserved. Therefore, the
sparseness of data is also of a conceptual nature: some variables that are known
or suspected to be important for the system are missing from the data altogether.
These features make ecological datasets challenging for many modern data analy-
sis methods such as many machine learning applications that are often relatively
data-hungry.

Ecological data are traditionally analysed through multivariate statistical
analyses and quantitative ecosystem models (Hilborn and Mangel 1997; Zuur
et al. 2007). Multivariate statistical analyses often require full datasets and
cannot cope with missing data, leading to the need to either impute the miss-
ing values and/or leave out variables with multiple missing values (James et al.
2013). Leaving out data that domain experts consider relevant, in a situation
where data are sparse, is regrettable. Imputation is often preferable, but not
without problems.

Ecosystem models are based on a conceptual model of interactions between
ecosystem elements and mathematical expressions that describe the relationships
between them (Jackson et al. 2000). These models are usually built and param-
eterized through a combination of theoretical considerations and data analysis.
Often the forms of the functions - i.e. whether the response is linear, sigmoid, or
something else - are decided based on theory and/or modelling restrictions, and
the parameters of the functions - i.e. the slope of the line etc. - are computed
from the data. These models, if suitably set up, can capture ecosystem parame-
ters such as relative biomasses, spatial distributions, consumption patterns, etc.
Using ecological knowledge to guide the data analysis by restricting the interac-
tions between the variables (as model structures customarily do) helps fight the
curse of dimensionality that might cripple a simple data-driven analysis.

When models are parameterised using data, it is usually assumed that the
underlying relationships between the ecosystem components, described as math-
ematical functions between model variables, are unchanging through the time
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series, i.e. arise from a stationary distribution (Gama et al. (2004) note the same
with machine learning models). These functions are estimated using the whole
time series, assuming that all the data points are samples from the same func-
tion. This assumption might be untrue, as ecosystems are known to sometimes
undergo fast structural changes that have a major effect on the ecosystem dy-
namics (Alheit et al. 2005; Beaugrand 2004; Conversi et al. 2010), and pressures
such as climate change, introductions of alien species, and exploitation and land
use changes may also change the shape of the ecological interactions (Bulleri et
al. 2020). From the modelling and data analysis perspective, these changes pose
a challenge, since the same functional forms may not describe the relationships
between the variables before and after the change (Blenckner et al. 2015).

Ecological models are often fraught with uncertainty stemming from both
epistemic (lack of knowledge) and aleatory (natural variation and randomness)
sources (Regan et al. 2002), whether this uncertainty is included into the model
or not. Assessment of uncertainty is crucial for any management problem that
requires balancing of different goals, such as nature conservation versus serving
the needs of humanity. Therefore, a methodology that provides uncertainty es-
timates is needed. Bayesian methods, which are capable of providing estimates
of uncertainty and incorporating both aleatory and, to some degree, epistemic
uncertainty, are increasing their popularity in ecology (Anderson et al. 2021).
The parameter estimates of Bayesian models are probability distributions, allow-
ing not only the comparison of the expected (mean), "average" (median) or most
likely (mode) values, but also for example the probability that the value is smaller
or larger than some critical value. As an example, a fisheries manager choosing
the best fishing strategy is interested in the expected catches, but also wants to
avoid population collapse, i.e. minimise the probability that the population size
will shrink below a threshold value. These estimates can be obtained directly
from Bayesian model results, making these models particularly useful for aiding
practical ecosystem management decisions.

Identifying changes in ecosystem interactions is a major challenge even for
large data sets, as the natural variation in many observed variables is often high,
making it difficult to separate signal from noise (Fulton et al. 2003). Further, it is
possible that the changes are driven by variables that are not being observed and
therefore are missing from the data. Dynamic Bayesian networks (DBN) (Dean
and Kanazawa 1989; Kjeerulff 1992; Murphy 2002; Nicholson 1992), including
those with hidden (latent) variables, avoid the implicit assumption of system
stability, and explicitly capture the systemic change of the modelled systems
(Tucker and Liu 2004). Hidden variables in these models represent quantities of
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interest that cannot be observed directly, or are unobserved for some reason. In
a dynamic model, hidden variables enable modelling of non-stationary dynamics,
and the detection of changes in the functional forms of the model. However,
this possibility is only emerging in ecological analyses (Trifonova et al. 2019; Tri-
fonova et al. 2015; Trifonova et al. 2017; Trifonova et al. 2021, this thesis). The
methodology enables the detection of ecosystem changes even when there are no
data on the components causing the change, such as new species invasions, as
the latent variables can be set up to detect changes in different parts of the sys-
tem. Furthermore, Bayesian methods are perceived as highly useful in ecological
research due to their ability to rigorously integrate prior knowledge with data,
reflected in the recent strong rise of Bayesian methods in ecology (Anderson et al.
2021).

The combination of modern data analytics and knowledge accumulated
through decades of research offers a promising avenue to analyse complex ecosys-
tem processes through the small and sparse data sets that are available. While
BNs are increasingly applied to ecological studies, DBNs particularly are rela-
tively few (Chee et al. 2016; Rachid et al. 2021), and these applications only
rarely include hidden variables. Therefore, their capabilities and limits to help
understand ecological change are still underexplored (however, see e.g. Harwood
2020; Jiang et al. 2021; Wu et al. 2018) and poorly understood.

1.2 Thesis contributions

This thesis contributes to the field of environmental data science by exploring
opportunities and limitations on Bayesian networks in environmental modelling
and prediction tasks.

Paper I explores Bayesian network classifiers, particularly the use of tree-
augmented Naive Bayes, in understanding which environmental factors affect the
abundance of coastal fish. This approach allows maximal use of the heterogeneous
and sparse data that were available. The paper explores different discretizations
of the class variable and discusses the implications of the differences between
the resulting models and contributes to the still relatively quiet discussion about
discretization schemes. The features are discretized to minimise information
loss, and features for which no meaningful discretization is found are discarded,
thereby constituting feature selection. It was found that the method can help
find the relative importance of different features even with sparse data.
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Paper II builds dynamic Bayesian network models to detect change in the
Central Baltic Sea ecosystem interactions, and explores the effect of different
hidden variable set-ups in detecting the ecosystem change. Change detection
is difficult as the data are sparse both in terms of ecosystem components and
spatial and temporal resolution, and there is noise in the data. It is shown that
the hidden variables of the models are able to identify ecosystem change, and
that this result does not depend on the exact hidden variable set-up.

Paper III expands the analyses of Paper II and builds and evaluates ad-
ditional models to evaluate the effect of the model structure for the detection
of ecosystem change. Paper III evaluates the effect of the amount of data and
the model structure on the predictive accuracy of the models through using only
parts of the data and evaluating the prediction results. Fully Bayesian and Max-
imum likelihood estimations were compared for the different models. More data
improves the predictions, while the different setups of hidden variables did not
make a critical difference.

Paper IV addresses the problem that while environmental management
needs uncertainty estimates and probabilistic assessments, many ecological mod-
els are not able to provide them. Decision support models, aiming to integrate
information regarding all of the interlinked aspects of the decision problem, need
to be able to provide uncertainty estimates. Paper IV reviews various methods
that have been or could be applied to evaluate the uncertainty related to de-
terministic models’ outputs, and evaluates when these methods are appropriate
and what must be taken into account when applying them. A combination of
domain-related considerations and aspects related to the source models and their
data are central in this consideration.

Paper V builds a large probabilistic meta-model based on different modelling
results to demonstrate how a Bayesian network based decision support model
can be used to summarise a large body of research and model projections about
potential management alternatives and climate scenarios. As the data stem from
multiple different models operating on different scales, a crucial task is to fit
these results together in a manner that is faithful to the original results and
maintains the consistency of the metamodel. Paper V evaluates critically the
different sources of uncertainty and their interpretation in the environmental
management context.

The rest of this summary is organised as follows: Chapter 2 gives background
to Bayesian networks in general and particularly in relation to this work. Chapter
3 discusses the process of building Bayesian networks and situates the models of
this thesis in that process. Chapter 4 discusses probabilistic prediction of indica-



1.2 Thesis contributions 7

tor value (topic of Paper I), Chapter 5 discusses dynamic Bayesian network (topic
of Papers II and III), and Chapter 6 discusses environmental decision support
through BNs (topic of Papers IV and V). Chapter 7 draws final conclusions.
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Chapter 2

Overview of Bayesian networks

This chapter gives an overview of Bayesian networks both generally and par-
ticularly in relation to the papers that form this thesis. Key references in this
section include textbooks by Jensen (2001), Korb and Nicholson (2011) and Mur-
phy (2012).

2.1 Basics of Bayesian networks

Bayesian networks (BN) are a type of graphical models that efficiently encode the
joint probability distribution over a domain. They are fully probabilistic models
that consist of a qualitative part, the model structure, and a quantitative part,
the quantitative connections between the variables (Pearl 1986). The qualitative
part is a directed acyclic graph (dag), i.e. the dependencies between the variables
are encoded through directed arcs (Figure 2.1).

The absence of an arc implies the lack of direct connection, however, the
variables can be informative about each other through the other variables in the
network. The arcs may not form a directed loop, i.e. such structures are not
allowed where you would return to the starting node by following the arcs in
their direction. If there is an arc pointing from node (variable) A to node B, A
is called the parent of B, and B the child of A; similarly, children of children
are sometimes called descendants. There are no theoretical restrictions regarding
the number of parents or children a variable can have.

The quantitative part is encoded as conditional probability distributions of
the variables, given their parent variables. If the variable has no parents, it has
a single marginal probability distribution. The probability distributions of BNs

9
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Figure 2.1: A simple Bayesian network. A and C' are both parents of D;
F is a descendant of all of the other variables.

can be either continuous or discrete. However, solving the networks, computing
the posterior distributions given some evidence, requires different algorithms de-
pending on whether the distributions are continuous or discrete. The state of
the art of solving continuous-distribution models (e.g. Lye et al. 2022; Margos-
sian et al. 2020) is to run Markov chain Monte Carlo simulations and sample
the Markov chains for approximations of the posterior distribution (Gilks et al.
1995); discrete models can be solved analytically using Bayes rule (Equation 2.1):

P(B|A)P(A)

PAIB) = =5

(2.1)
where

A, B = events,

P(A), P(B) = probabilities of events A and B,

P(A|B) = probability of A given that B is true,

P(B|A) = probability of B given that A is true.

The Bayes rule can also be used to calculate marginal distributions, i.e.
the probability distributions of variables without a reference to other variables.
Marginal distribution is the distribution of the variable, when everything that is
known of the other parts of the model is taken into account.

In the example of Figure 2.2, the probability table of the Rain variable already
gives the marginal distribution, P(Yes) = 0.2, P(No) = 0.8. However, to get
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Rain in the Yes [ 0.2
morning No | 0.8

Rain in the
morning?

Yes [ No

Jack takes Jack takes Yes 0.99]0.8
umbrella umbrella?

No 0.01|0.2

Figure 2.2: A simple example of conditional probability distribution. The vari-
able "Jack takes an umbrella” is conditionally dependent on the variable "Rain
in the morning ', meaning that its probability distribution varies as a function of
the Rain variable.

the marginal distribution of the Umbrella variable, we need to marginalise the
Rain variable out by summing over the conditional probabilities of each state
multiplied by the probabilities of the conditions:

P(Umbrella = Yes) = P(Umbrella = Yes|Rain = Yes) * P(Rain = Yes)+
P(Umbrella = Yes|Rain = No) x P(Rain = No)
=0.99%0.240.8 0.8 =0.838

P(Umbrella = No) = P(Umbrella = No|Rain = Yes) * P(Rain = Yes)+
P(Umbrella = No|Rain = No) * P(Rain = No)
=0.01%¥0.240.2%0.8 =0.162

The joint distribution of the variables in the model is represented in a factor-
ized form as (Scutari and Strimmer 2011):

n

P(X)= H P(X;|parents(X;)), for discrete variables, (2.2)
i=1
f(X)= H f(Xi|parents(X;)), for continuous variables. (2.3)

=1
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For the example of Figure 2.2, this would be
P(Rain,Umbrella) = P(Rain)P(Umbrella| Rain)
and for the model in Figure 2.1
P(A,B,C,D,FE)=P(A)P(C)P(B|A)P(D|A,C)P(E|B, D)

Bayesian networks can be used for encoding expert understanding over a do-
main (Pearl 1986; Uusitalo et al. 2005), encoding high-dimensional data into a
more compact form (Barber 2012), as well as combining pre-existing knowledge
(such as expert knowledge) and new data in a mathematically transparent way
(Korb and Nicholson 2011). Bayesian networks are not, by definition, causal mod-
els; they quite simply encode the joint probability distribution over the problem
domain. However, if the BN model structure is built to reflect the causalities in
the modelled domain, this has some benefits, leading many authors such as Korb
and Nicholson (2011) to strongly favour the causal interpretation of the models.
It can also be shown that among Markov-equivalent models, i.e. those that en-
code the probability distribution similarly, the causal model is the simplest, i.e.
the one including the least arcs (Korb and Nicholson 2011).

The model structure defines which variables can interact with each other in
the network, given different observations (evidence). The parents, children, and
the children’s other parents of variable A form the so-called Markov’s blanket of
variable A; if the states of all of these variables are known without uncertainty,
no changes elsewhere in the model can give any further information about the
state of variable A (and vice versa; any improved information about variable A’s
status will not update the information about any of the other variables in the
model). The circumstances under which information about variable X can affect
the state of variable Y can be inferred through d-separation (directed separa-
tion) properties of the model structure. Therefore, the model structure plays
an important role in the model inference, and the modeller needs to check care-
fully that the d-separation properties of the model make sense in the substance
interpretation of the model.

D-separation can be analysed through understanding the three possible types
of connections between three variables: serial, diverging, and converging (Fig-
ure 2.3, Jensen 2001). Serial connection (Figure 2.3a), is straightforward: if the
value of A is updated, this will update the distribution of B, which, in turn, will
update the distribution of C. Similarly, new information on C will update the
distribution of B, and that, again, the distribution of A (following Bayes rule,
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a) Serial connection

b) Diverging connection c¢) Converging connection

Figure 2.3: Serial, diverging, and converging connection types.

Equation 2.1). However, if the value of B is known exactly (it is instantiated),
any updated information about A will not change it. Therefore, as B does not
change, the distribution of C' will not change either. In this case, A and C are
d-separated given B.

In a diverging connection (Figure 2.3b), information flows through the par-
ent variable (B) between the children (A and C), if the parent variable is not
instantiated. However, if the parent variable is instantiated, this blocks the in-
formation flow between the children. In a diverging connection, the children are
d-separated given the parent.

In a converging connection (Figure 2.3c), if there is no information about
the common child B, the parents are d-separated; updated knowledge about
one parent does not give any additional information about the other parents.
However, if we get updated information about the connection node B, this opens
the communication channel between the parents. The channel is opened both if
B is instantiated, or if its distribution is updated because one of its descendants is
instantiated and its distribution is therefore updated. This is easiest understood
intuitively if the BN is viewed as describing causal connections. The opening
of the link is called the explaining away effect if: we have information about a
consequence, it might just as well be caused by any of the alternative causes
(whose probability distributions will be updated accordingly). However, if we
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know that one of the causes has taken place, the probabilities of the other reasons
will decrease; or if we get information that one of the causes has not happened,
this will increase the probability of the other causes. However, if we do not have
any information about the common consequence (or its consequences), there is
no reason that information about the occurrence of one parent variable should
affect the probabilities of the others.

Note that blocking the information flow, in the case of serial and diverging
connection, requires that the value of variable B is known without uncertainty
(sometimes called hard evidence); however, just updating the probability of vari-
able B (sometimes called soft evidence) is enough to open the communication
channel in converging connection (Jensen 2001).

2.2 Learning Bayesian networks

Machine learning with BNs includes both structure learning and parameter learn-
ing from data. Both of these problem domains are NP hard, and practical al-
gorithms include approximations and assumptions. For the structural learning
problem, multiple algorithms exist with somewhat different starting points. The
number of dags increases exponentially as the number of variables increases,
making the evaluation of all possible dags an intractable problem. Some of the
algorithms, therefore, base the structure search on the evaluation of statistical
correlations between the variables, while others rely on user supervision to restrict
the search space. For parameter learning, the iterative expectation-maximisation
(EM) algorithm (Dempster et al. 1977; Lauritzen 1995) is the industry standard
(Algorithm 1) when there are missing data. The algorithm iterates the expec-
tation E-step and the maximisation M-step: starting from some initial values
for the parameters, the E-step computes the probability distribution or expected
sufficient statistics (i.e. the figures needed to describe the distributions) for a
complete data, taking into account the parameter values and the observed data.
M-step uses these values to compute new parameter values, maximising the log-
likelihood of the parameters using either maximum likelihood or maximum a pos-
teriori probability (Barber 2012; Kjaerulff and Madsen 2008; Korb and Nicholson
2011). These steps are iterated until a stopping criterion is satisfied, e .g. until
the difference between consecutive log-likelihoods is small enough.

However, the expectation step is usually implemented by computing a suffi-
cient statistic for the missing data e* instead of the full probability distribution
(Korb and Nicholson 2011). In that case, Step 1 of Algorithm 1 becomes compu-
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Algorithm 1 The EM algorithm’s general form (Korb and Nicholson 2011).

0: Initialization step: Set 6 to an arbitrary, legal value. Select the desired
precision € of 6. Set value #' to an illegally large value.
while |0 — 0] > ¢: do
6+ 6 , (except on first iteration)
1: Expectation step:
Compute the probability distribution over missing values

P(ele”, 0)P(19).
ZP(6|6*,9)P(6*|0)

e*

P(e*|e, ) =

2: Maximisation step:
Compute the new ML or MAP estimate 6" given P(e*|e, 0)
end while

tation of the expected counts of joint instantiations of X; and Parents(X;) for
all variables X; and their states. In Step 2, the new ML or MAP estimate of the
parameters is computed.

The EM algorithm can deal with missing data and usually converges quickly,
but can get stuck to local maxima (Barber 2012). Variants of the EM algorithm
include penalised EM algorithms for combining expert knowledge with data in
the parameter estimation (Kjaerulff and Madsen 2008) and extensions to increase
the efficiency of the algorithm through simplifying assumptions (Barber 2012).

Bayesian networks can also be constructed based on expert knowledge only,
in a process called expert elicitation. This is useful particularly if data are sparse
or extensive knowledge on the research topic exists beyond the available data set,
for example if ecological interactions can be generalized from studies from other
scales or areas. While expert elicitation of both model structure and parameters
is a common practise in environmental modelling (Barton et al. 2012; Chen
and Pollino 2012; Kuikka and Varis 1997; Uusitalo et al. 2005), there is little
literature on best practises of structure elicitation. Kjaerulff and Madsen (2008)
propose identifying the set of relevant variables and their types, then proceeding
to find the causal ordering of these variables. However Korb and Nicholson
(2011) note that deciding on the model structure is always a tradeoff between
model fidelity (often increasing arcs and nodes) and the ease of building and
using the model. They note that causation is an important starting point for the
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structure building, as causal models are simpler and more compact. They also
propose asking direct questions about causation, prevention and interference to
determine the d-separation structures of the model. Boneh et al. (2006) present a
visual model that helps experts evaluate whether their model structure represents
their knowledge correctly.

Chen and Pollino (2012) propose starting the model building with a concep-
tual model which can then be modified to fit the purpose of the modelling. They
also note that all included variables must be relevant in the scale of the model
and affect of be affected by the interest variable, and that attention should be
paid to how the length of the impact path in the model may affect the sensitivity
of the output to the inputs.

More literature exists on expert elicitation of parameters (conditional proba-
bilities), discussing different methods for eliciting probabilistic assessments, both
individually and in groups (Hanea et al. 2018; Hanea et al. 2017; Hemming et
al. 2018; Morgan and Henrion 1990; O’Hagan et al. 2006). The methods aim
to arrive at an unbiased estimate of the expert’s subjective probabilities, or the
expert group’s joint or averaged probabilities.

2.3 Hidden variables and dynamic BNs

The EM algorithm can perform its task even if some variables are not observed
at all, i.e. variables that may be important for the model structure but for which
there are no observations. Such variables are called hidden or latent variables.
If there is a hypothesis about which real-life, unobserved variable or process the
hidden variable stands in for, the hidden variable can be linked to the relevant
observed variables (Barber 2012; Trifonova et al. 2015), or, to ensure that they
are relevant and not redundant, we can set them as parents to all of the observed
variables (Friedman 1997). This allows us to see whether they pick up patterns in
temporal data (Trifonova et al. 2015; Trifonova et al. 2021). Inclusion of hidden
variables may allow building models that are closer to the "true" natural pro-
cess e.g. through making the d-separation properties of the model more realistic
(Kwoh and Gillies 1996; Pearl 2000). Hidden variables can also serve to simplify
the model e.g. through introducing a measurement error factor that will natu-
rally account for outliers, thus simplifying the relationship between the observed
variables (Murphy 2002).

A famous example of hidden variables are the hidden Markov models (HMM,
Figure 2.4) which assume that there is an unobserved (hidden) Markov process,
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Figure 2.4: Hidden Markov model rolled out for three time slices. The dashed hv
variables represent the hidden Markov process; the Obs variables with the solid
border are the observed variables.

and on each step, we can observe a variable that depends on the value of the
hidden variable at that time step. The simplest first-order HMM needs just
two conditional probability tables (CPT): the transition probability between the
states of the hidden variable (the Markov process) and the conditional probability
of the observed variable given the value of the hidden variable.

Dynamic Bayesian networks (DBN) are BNs that are rolled out to represent
multiple time slices of the same system, with autocorrelative and/or other links
between the time slices (Figure 2.5). Their parameters may also be learnt from
data so that they can be used to predict e.g. missing data on some time slices or
the future. A combination of expert judgement based model structure and data-
based parameters (with or without expert judgement based priors) allows the
use of expert knowledge along with data in the analyses. This approach enables
drawing from the vast body of experimental and theoretical work on ecological
interactions, while allowing the local data to dictate the specifics of the model
and adapt to the local, specific conditions. The model variables are the species
abundances and environmental variables such as temperature, and the arcs in
the models represent assumed causal connections, such as predation, between
the variables.

For DBNs, the joint probability becomes

P(X'| X1 =[] P(X{|Parents(X}))) (2.4)

=1

where Parents(X!) can be in the current or one of the previous time slices. For
example, in Figure 2.5, Parents(Bs) are By and As.
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Figure 2.5: A simple DBN model rolled out for three time steps.

Dynamic Bayesian networks with hidden variables can be thought of as ex-
tensions of HMM and Kalman Filter models (KFM) (Murphy 2002). They are
discrete-time state-space models with the possibility of having both continuous
and discrete variables. Unlike an HMM, DBN can present the state space in
a factored form, using multiple variables, instead of a single random variable,
and unlike KFM, they can represent arbitrary probability distribution shapes.
In other words, DBNs relate variables to each other over time steps, usually by
developing a model for one time slice that includes all the relevant variables, and
then defining the transition probabilities between consecutive time steps much
like in HMM models. However, in DBNs there can be multiple, and more com-
plex, links also across time steps.

In ecological modelling, DBNs are particularly useful because they provide an
escape from a major restriction in stationary BNs, namely their lack of ability to
include direct feedback loops due to the acyclicity requirement (Uusitalo 2007).
Many ecological processes, e.g. population dynamics of plants and animals, in-
clude temporal dynamics that would, in stationary models, emerge as directed
cycles. Dynamic models allow more realistic modelling of these processes.

When the hidden variable, which has no data, is linked to a model that is
taught with data, the hidden variable value accommodates to the observed data
in the model. If it were linked to only one variable of the model, which had also
other parents, the hidden variable would be parameterized to fit to the variability
or noise in the CPT. If the hidden variable is set as a parent to all or a selected
set of the variables in the model, it would also try to explain the residual in all
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of the CPTs. This means that we would expect random variation, "white noise",
in the value of the hidden variable. However, if there is a simultaneous shift in
multiple parameters of the model, this will be reflected in the hidden variable as
an observable change beyond the error margins.

This behaviour of the hidden variable means that we can fit the model with
the observed data, and detect possible changes in the ecological interactions in
time through the hidden variable. Multiple hidden variables can be set up to
observe different parts of the model to pinpoint the changes more accurately.

Dynamic Bayesian networks with hidden variables have been proposed as a
potential method for early detection of structural changes in the ecosystem. Tri-
fonova et al. (2015) fitted different models to the food web data of the North
Sea and concluded that DBNs with hidden variables were able to reflect the
food web dynamics, while the hidden variables captured the ecosystem dynam-
ics. These models include hidden (latent) variables that enable modelling of
unobserved variables, as well as non-stationary dynamics (Ceccon et al. 2011;
Robinson and Hartemink 2009; Tucker and Liu 2004), which will allow the de-
tection of previously unseen events and changes in the underlying relationships.
While these approaches have been used in data-rich fields such as medicine and
finance (Chandola et al. 2009), they are novel in ecological analyses.

2.4 Decision networks

Bayesian networks can be used to aid decision-making in situations involving
uncertainty and different decision alternatives through augmenting the BN with
an explicit representation of decisions and utilities (Howard 1965; Howard and
Matheson 1981; Jensen 2001; Kjaerulff and Madsen 2008; Korb and Nicholson
2011; Madsen et al. 2005). These models are called influence diagrams or decision
networks. They make it possible to determine the expected utility related to each
decision option, and in consequence, to determine the optimal set of decisions to
maximise the expected utility.

Decision variables encode the set of decision options available to or considered
by the decision-maker. They are not stochastic, but the decision-maker has full
control over which decision will be taken. Therefore, it is not usually relevant to
define a probability distribution over the decisions or to evaluate the model under
the assumption that any of the decisions can be taken under certain probabilities.
The decision options also do not need to cover all possible decisions that could be
taken (for example, all possible levels of nutrient load reduction or fishing effort),
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only those that are considered in the modelled case. Because of this, decision
variables are also useful in encoding scenarios, for example, different climate
change projections or societal pathways. Use of decision variables in these cases
implies that the variable does not exhaustively cover all possible states of the
variable, and that the model results should not be averaged over them.

Utility nodes include a function that maps the values of their parent nodes
to a real value that can be either positive or negative. Negative values usually
denote incurred costs or undesirable states of the parent variable (for example,
the extinction of a species could be linked to a high negative utility), while
positive values denote desirable states (profits, improved environmental status,
etc.). The expected utilities of the decision alternatives can be computed, given
any available evidence, based on the probability of all possible outcomes given the
actions and evidence. Kaikkonen et al. (2020) note that sometimes the highest
expected utility is associated with the highest uncertainty regarding the outcome,
or high probability of failing to meet management objectives. This, however, can
be argued to be a failure on the model specification part, as the failure to meet
objectives could be penalized using the utility functions.

2.5 Spatial and spatiotemporal BNs

Spatially explicit BNs are highly useful in ecological and socio-ecological research
when the aim is to understand spatial changes or spatially varying ecological risks.
While spatial BNs are not the topic of this thesis, they are covered here briefly
for completeness. The references in this sub-chapter are not exhaustive, but only
examples of relevant work.

A common approach is to combine BNs with ecological or both ecological
an societal data from a spatial grid to analyze each grid cell separately (Balbi
et al. 2016; Grét-Regamey and Straub 2006; Guo et al. 2020; Ropero et al. 2018;
Sahin et al. 2019; Stelzenmiller et al. 2010). Das et al. (2017) used spatial and
temporal information in meteorological predictions by computing spatial and
temporal weights for each location and year in respect to the predicted year to
be used in their BN model.

Some authors also combine spatial and dynamic Bayesian modelling. Tri-
fonova et al. (2015) created a dynamic BN model with hidden variables that
also explicitly includes ecological interactions between the modelled areas. Chee
et al. (2016) extend dynamic BNs to spatial domain through using GIS data
and explicitly modelling spatial processes. Stritih et al. (2020) presented a sys-
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tem based on geospatial grid data that accounts for spatial interactions such as
neighborhood effects, and which can be run iteratively over multiple time steps.

2.6 When to use BNs?

In general, BNs are the most useful in machine learning when:
e The probability distribution of the prediction is required.

e There is background information such as domain knowledge and theory
that the modellers want to incorporate into the analysis.

e There is a need to be able to analyse the solution, i.e. a black box solution
is not desirable.

e There is a need to evaluate the whole system, not only one response variable
given a number of features.

They may not be the best machine learning solution if the problem is essen-
tially to predict the outcome (without its uncertainty) based on data; in that
case a standard ML solution such as an artificial neural network, random forest,
support vector machine etc. may be simpler to construct and serve equally well
or better.

Bayesian networks have been used to aid environmental management (Aguil-
era et al. 2011; Barton et al. 2012; Kaikkonen et al. 2020). Their strengths include
their transparency, i.e. the fact that the graphical causal models are relatively
easy to grasp intuitively, their flexibility in incorporating different types of data,
and the explicit treatment of uncertainty that may be crucial in decision making.
Models that aim to aid decision making by evaluating the current status of the en-
vironment and outlining the probable outcomes of different management options
are sometimes called decision support tools or decision support systems (Beest
et al. 2020). It is possible to augment BNs with decision variables which outline
the possible decision options or considered scenarios, and utility variables that
include information of the utility, i.e. the benefit or harm, associated with the
potential states of nature (Madsen et al. 2005). For example, the utility functions
of a decision support tool dealing with alternative fisheries management models
could be linked to the fish catches, the ecological status of the fish stock, and the
costs and perceived fairness of the different management options. This makes it
possible to compare the management options quantitatively through the utility
associated with each decision option.
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Chapter 3

Building the Bayesian networks in
this thesis

The key stages of building a Bayesian network model are (Korb and Nicholson
2011):

1. Identifying the variables and their possible values / states.
2. Finding the graph structure.

3. Finding the parameters (i.e. probabilities).

Additional steps when creating a decision support model are:
4. Identifying the available decisions and their effects.
5. Identifying the utility nodes and their dependencies.
6. Finding the utilities.

The authors note that expert elicitation is a central tool for all of these steps.
In this thesis, Steps 1-3 are taken in all the created models, and Steps 46 in
the model of Paper V. In this chapter, I discuss how these steps were carried out
in the models of this thesis. Korb and Nicholson (2011) emphasize that these
steps are usually not taken once and in this order, but BN models are rather built
iteratively and incrementally. Also the models in this paper were built iteratively
to some degree: Especially in the models of Papers II, III, and V, the variable
selection and graph structure finding was a simultaneous process in which the
models’ scopes were discussed and the model structure and variable selection were

23
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somewhat entangled. In the case of model of Paper V, the discussions regarding
the utilities were in focus since the beginning, and this shaped the process of
building the entire model.

3.1 Identifying the variables

Feature/variable selection is an essential step before or during building the model
structure. Chen and Pollino (2012) stipulate that all variables in the model, with
the exception of latent variables, should either affect or be affected by the final
outcome variable(s), and should be either manageable, observable, or predictable,
as well as relevant at the scale of the model (Borsuk et al. 2004). They encourage
making the model as simple as possible, pointing out that variables that are left
out contribute to the model error or variance unexplained by the model, and are
included into the probability distributions of the included variables, and hence
not completely ignored.

Feature selection in this thesis is largely guided by the availability of data, as
well as the substance experts’ ecological understanding. In Paper V, the features
that were selected into the model were the ones that are societally interesting
and subjects of environmental management.

In Paper I, additional feature selection is a byproduct of the discretization
based on the minimum description length principle (Fayyad and Irani 1993), and
so happening in parallel with finding the values of the variables. This discretiza-
tion algorithm finds break points that minimise the entropy of the feature given
the class, maximising the predictive power. In Paper I, the candidate feature
was excluded from the model if the discretization resulted in zero cut-points,
as this implies that there was no discretization that would have reduced the en-
tropy, meaning that the mutual information of the feature and class was very low.
Therefore, the feature is not a useful predictor for the class. The discretization
is further discussed in the next sub-chapter.

3.2 Identifying and discretizing the variable values

Most ecological measurement data are continuous by nature, but discretization
can bring benefits such as easier understandability and interpretability of the
models and more accurate learning (Liu et al. 2002). Whether it is better to dis-
cretize the data or to create a BN with continuous variables depends on the type
of data as well as the assumed interactions between the variables. Discretization
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of data allows for complex conditional probability tables that do not need to
follow any parametric distribution. This allows for large flexibility in describ-
ing the system interactions, such as complex nonlinear dependencies between
the variables. These are often called "nonparametric" models because statisti-
cal distributions’ parameters do not restrict the interactions, but in reality the
models naturally have a large number of parameters to capture the CPTs of the
multinomial distributions, and therefore require large amounts of data to esti-
mate them. In this thesis these are called unrestricted distributions. This may
become a problem if the model is based on relatively small data. In this thesis,
Paper I solves this problem by reducing the parameter space through fitting tree-
augmented Naive Bayes (TAN) models, and Paper V by using simulated data
sets that are much larger than any data that could be gathered from nature.

Nojavan et al. (2017) note that discretization of continuous variables affects
the modelling results, and the consequences of discretization to the inference have
not been properly discussed. Therefore, they recommend avoiding discretization
if possible. In Paper I we too note that the discretization scheme may have a
strong effect on the results, but argue that in contrast to seeing the different
results under different discretization schemes as a weakness, it should rather be
seen as an informative result and insight into understanding the data better. In
a world of nonlinear responses, so often the case in ecological data (e.g. Hsieh
et al. 2008), data analysis must be sensitive to different thresholds and also to
the possibility of different factors being important at different ranges of the re-
sponse. For example, there may be a certain environmental factor that strongly
prevents or encourages extremely high values of the class variable from occur-
ring, but otherwise doesn’t correlate with the class. This type of cases can be
detected effectively using the scheme proposed in Paper I, given that the class
discretization is selected suitably to follow domain specific, e.g. ecological or
judicial, considerations.

Chen et al. (2017) discuss different data discretization approaches proposed
for BNs. They note that methods such as equal interval based on the marginal
distribution of the variable lead to suboptimal performance. They propose a
new Bayesian discretization method that takes into account the network struc-
ture. This is a very promising development for data analysis through Bayesian
networks. Ropero et al. (2018) propose the Chi-Merge discretization method for
environmental data based on a case study with a binary class variable prediction.
However, the modeller must be sensitive to the tradeoff of understandability and
model performance - if the model is to be used by or analysed with stakeholders,
discretization breakpoints that are easily understandable, such as equal intervals,
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may be preferable to the computationally more optimal, but less transparent dis-
cretizations.

If the data are to be discretized, the modeller must choose between algo-
rithmic solutions (Liu et al. 2002) and expert-judgement-based discretization.
Which one of these is preferable depends on the aims of the modelling exercise.
If the aim is to predict the value of the interest variable as accurately as possible,
algorithm-based discretization that maximises the predictive power of the model
is preferable (Paper I). However, if the aim is for the model to be understandable
by stakeholders such as decision-makers, binning that is intuitive to humans, such
as equal-width discretization (Paper V) is preferable.

Data in Paper I are discretized using an algorithm based on minimum descrip-
tion length principle (Fayyad and Irani 1993). The class variables of the predic-
tion models are discretized using expert judgement (and different discretization
principles are explored), and the features are discretized to minimise the entropy
of the class given the feature. The conditional entropy of the class given an
observed variable is

H(C|V)= Z P(v ZP(C|v)log(P(c\v)) (3.1)

veV ceC

where P(v) is the probability of each value of the feature V', and P(c|v) is the
conditional probability of each value of class C' given feature V.

This discretization approach maximises the predictive power of the models,
and in Paper I, helps identify the variables that may have the strongest effect
on the variable of interest. It has to be noted, however, that feature selection
like this that looks at the mutual information between just two variables can fail
if there are interaction effects (Murphy 2012). This is a potential problem with
the models of Paper I as well, as it is possible that a feature is only informative
given another, confounding, feature.

Paper V uses causal ecosystem models, which are in turn calibrated with em-
pirical data, to simulate a large amount of data under different future scenarios.
These simulated data were used to learn the parameters of the BN model, and
they allow a robust assessment of even rather complex CPTs. It has to be noted
that as the data originate from models and not nature, it is already a simplifica-
tion of the real system. The simulated data are discretized into intervals of equal
width for easy communication to decision-makers and stakeholders.

When discretizing the variables using expert judgement such as in Paper V,
the amount of available data must be taken into account, as unrestricted distri-
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butions have a high number of free parameters, and therefore require a lot of
data to be estimated robustly.

As a comparison, the probability density function of a k-dimensional Gaussian
distribution is

i) = amsrzear (5@ — 05w =) (3.2)

where 1 € RF is a k-dimensional location vector and ¥ € R¥* is a k - k
-dimensional variance-covariance matrix, which is a symmetric positive definite.
As the variance-covariance matrix is symmetric, the number of free parame-
ters in it is ( )
k(k+1
df = 227
/ 2
Therefore, fully defining a Gaussian joint probability distribution over k vari-
k(k+1)
ables takes —=5— + k parameters.
In an unrestricted, discrete joint distribution, the number of free parameters

(3.3)

is
df =% —1 (3.4)

where k is the number of variables and j is the number of discrete bins in each
variable. As the distribution is unrestricted, the probability of each combination
of variables can freely take any value (subject to normalisation) except for the
last one which is determined so that the total probability sums up to 1.

Therefore, the number of parameters to estimate increases fast as the number
of bins per variable on one hand, and the number of parents of any given variable
on the other hand increase. This means that a lot of data are needed to estimate
these parameters reliably. In Paper V, the data originated from simulation runs of
ecosystem models, and this large data set allowed the discretization to a relatively
high number of bins.

When learning continuous conditional probability distributions from observa-
tional data as in Papers II-111, simplifying assumptions need to be made, typically
that the variables are Gaussian and the associations between the variables lin-
ear. These assumptions allow for better generalisation from sparse data. If these
assumptions hold, modelling the domain using continuous variables may be the
best option (Nojavan et al. 2017). The price of this is that they are not able to
fit nonlinear responses, which may be a problem in ecological research. Incorpo-
rating hidden variables into the models (as done in Papers II and III) introduces
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Table 3.1: Properties of the BN models included in this thesis

Paper Structure Data

Paper I ML several algorithms Discretized (entropy minimization)
Paper II Expert judgement Continuous (Gaussian)
Paper III Expert judgement Continuous (Gaussian)
Paper V Expert judgement Discretized (equal interval)

more flexibility and therefore also more complexity to the model. However, if the
data distributions are not well-behaved, or the associations between the variables
are nonlinear, discretizing the variables may be advisable.

3.3 Finding the graph structure and parameters

Bayesian network graph structure can be either expert-judgement-based (usu-
ally causal) or derived from data through machine learning algorithms, which
commonly are either constraint-based, using conditional independence tests to
identify the dependence structures of the data; score-based, using goodness-of-fit
scores; and hybrid algorithms that use both (Scutari et al. 2019). Models in this
thesis have both machine learning and expert judgement based structures, and
continuous and discretized data (Table 3.1).

Paper I explores different algorithms for finding model structures from data.
The explored algorithms are the PC algorithm (Sprites et al. 1993), the score-
based Greedy search-and-score algorithm, using both Akaike and Bayesian infor-
mation criteria, and tree-augmented Naive Bayes (Friedman 1997). Additionally,
the Naive Bayes structure was tested as well, but it does not require structural
finding.

The PC algorithm begins with a fully connected model and removes arcs that
can’t be justified based on conditional independence measured through partial
correlation. If an arc is removed in error early in the process, the error is likely
to cascade. The PC algorithm works well with small models with large data, not
so well with large models with moderate data (Korb and Nicholson 2011).

The greedy search algorithm for learning the structure of a Bayesian network
(Chickering 2002; Scutari et al. 2019) searches through the possible network
structure and returns the structure with the highest score. This implementation
ignores the missing data, which is rather suboptimal for the present data set.
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Figure 3.1: a) Naive Bayes classifier. Class is the parent of all features, and the
features are assumed to be d-separated given the class. b) Tree-augmented Naive
Bayes. A maximum of one additional parent is allowed for each feature.

Tree-augmented Naive Bayes (Figure 3.1b, Paper I) is an extension of a Naive
Bayes (NB) (Figure 3.1a) model structure, usually used as a classifier. The
Naive Bayes classifier is structured so that the class variable is a parent to all
the features, and there are no other arcs between the model components. This
structure strongly reduces the parameter space and allows for robust assessments
of all CPTs of the form P(feature|class). The lack of arcs between the features
imply that the features are independent (d-separated) given class, a simplifying
assumption giving rise to the word naive in the name. Despite their naivety, NBs
perform well in many classification tasks. The probability distribution for the
class variable is easily computed by applying the Bayes rule, for each possible
state of the class:

P(ay, ..., wp|ci)P(ci) _ P(aae) - ... - Plag|ei) P(e)
P(c; = = 3.5
(el ) P(z1,...,28) P(z1,...,2%) (3:5)
where ¢; is the ith state of the class variable and x1, ..., zk are the observed

features.
TAN models relax the assumption of feature independence by allowing a
maximum of one additional parent for each feature. This makes the classifier more
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realistic through capturing the key correlations between the features while still
keeping the parameter space small and therefore, the model robust. In Paper I,
the TAN models were found using the Chow-Liu algorithm (Chow and Liu 1968).
The Chow-Liu algorithm searches for a TAN model structure that maximises
the likelihood of data given the model structure. This is done by computing the
mutual information of all the possible edges given the class variable, and selecting
the edges with highest mutual information.

There are also approaches that use Bayesian metrics, i.e. find a model that
maximises the probability of the model given data. However, there are two
difficult tasks in this: computing the scoring metric P(model|data), and searching
the exponential model space.

Cooper and Herskovits’s K2 (Cooper and Herskovits 1992) was the first at-
tempt at learning Bayesian networks structures over discrete variables. It is
based on computing the metric P(h;|data) for individual hypotheses h; by brute
force through turning the problem into a combinatorial counting problem (which
restricts it to discrete models. This method assumes that the samples are i.i.d.,
there are no missing values in the data, the causal factors don’t interact with
each other, and there’s a uniform prior over the hypothesis space. Under these
assumptions, counting P(h;|data) becomes polynomial, but there is still the issue
of exponential space of hypotheses. Assuming that we know the temporal /causal
ordering of the variables reduces the hypothesis space.

Structural learning may be useful for systems that are not well-known but
for which ample data exist (Chen and Pollino 2012), but a hybrid approach in
which expert judgement is used to restrict and/or guide the structural finding
may still be better (Alameddine et al. 2011; Julia Flores et al. 2011). In ecology,
there is often a wealth of information about the ecological relationships based
on ecological theory, observations from different areas, etc., while the complexity
and dynamic nature of the systems makes it difficult for algorithms to find an
accurate structure (Chen and Pollino 2012). In these cases, expert judgement
may be the best approach to model structure finding. Expert judgement based
model structures are used in Papers II, III, and V of this thesis.

In Papers II-111, the model structure was based on ecological knowledge about
the interactions between the ecosystem components. When discussing feeding in-
teractions, ecologists talk about top-down and bottom-up effects: roughly speak-
ing, top-down refers to the regulation of prey population by the predator, while
bottom-up refers to the regulation of predators by the availability of prey. These
effects are simultaneously in play in ecosystems, and it may be difficult to con-
struct a model with sufficient temporal and spatial resolution to cover them, not
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to mention that data are rarely available to estimate these effects. Therefore,
Paper III explored replacing a local top-down model structure of Paper I with a
bottom-up structure in the relationship between zooplankton and zooplanktivo-
rous fish. This improved the predictions, but did not make a radical difference to
the model interpretation. Model parameters, i.e. the conditional probability dis-
tributions, of all models are found using the EM algorithm described in Chapter
2, after the model structure has been decided.

3.4 Decisions and utilities

Bayesian network models can be complemented with decision options and scenar-
ios as well as utilities (benefits or costs) related to different states of the system.
Decision options differ from random or chance variables by the fact that they are
assumed to be completely controlled by the person using the model; i.e. there is
no uncertainty or randomness related to the value of the decision variable, but
its value can be selected freely. Decision variables can be e.g. the treatment
administered to a patient, a policy option that is chosen on a societal level, etc.
Decision variables typically affect the chance variables in the model, e.g. the
patient’s health metrics or the ecosystem state.

In Paper V, climate scenarios were treated as decision variables. This choice
was made to enable the evaluation of the future development in the first place.
Models that describe the current status of a system are usually built to present
the full joint probability distribution over the modelled domain, i.e. to show
the full probability distribution of the variables over all possible combinations
of the variables being modelled. In future scenarios this is not usually possible,
however: there is an exponentially large number of potential future pathways,
making it impossible to take them all into account. The climate projections and
management options present only a few, selected scenarios among all the possible
climates, nutrient loads and fishing mortalities. Therefore, the model must not be
viewed as a representation of the joint probability distribution over the system’s
future.

Utility nodes encode the utility (benefit or harm) that results from the states
of the system. If these utilities were all measured in the same units, e.g. in
money, the model can be used to compute the decisions that maximise the overall
expected utility, taking into account the probabilities of each outcome and their
utilities, and if some variables are instantiated (their values are known), the effect
of this knowledge on the expected utility can be taken into account.
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The decisions, scenarios, and utilities of Paper V model were selected to be
relevant for the management discussion of the Baltic Sea. The scenarios were
selected to be in line with the climate change and nutrient scenarios that are
often used in the