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• Environmental management needs to
integrate multiple tools and objectives.

• Bayesian network based decision sup-
port system is used as an integrating
meta model.

• Uncertainty of model projections is in-
corporated, enabling the evaluation of
risks.

• The model enables evaluation of syner-
gies and trade-offs in management.

• There are large uncertainties related to
the future projections of the Baltic Sea.
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Sustainable environmental management needs to consider multiple ecological and societal objectives simulta-
neously while accounting for the many uncertainties arising from natural variability, insufficient knowledge
about the system's behaviour leading to diverging model projections, and changing ecosystem. In this paper
we demonstrate how a Bayesian network- based decision support model can be used to summarize a large
body of research and model projections about potential management alternatives and climate scenarios for the
Baltic Sea.Wedemonstrate how this type of amodel can act as an emulator and ensemble, integrating disciplines
such as climatology, biogeochemistry, marine and fisheries ecology as well as economics. Further, Bayesian net-
work models include and present the uncertainty related to the predictions, allowing evaluation of the uncer-
tainties, precautionary management, and the explicit consideration of acceptable risk levels. The Baltic Sea
example also shows that the two biogeochemical models frequently used in future projections give considerably
different predictions. Further, inclusion of parameter uncertainty of the foodwebmodel increased uncertainty in
the outcomes and reduced the predictedmanageability of the system. Themodel allows simultaneous evaluation
of environmental and economic goals, while illustrating the uncertainty of predictions, providing a more holistic
view of the management problem.

© 2021 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://
creativecommons.org/licenses/by/4.0/).
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1. Introduction

Environmental management deals with a complex domain covering
multiple anthropogenic pressures,multiple sectorswith the aim for sus-
tainable ocean that provides benefits to humans. Sectoral management,
aiming to control just one aspect of the activities in isolation, has proven
to be insufficient, and more holistic ecosystem-based management has
been proposed as a solution (Curtin and Prellezo, 2010), supported by
interdisciplinary research (Borja et al., 2016; Elliott, 2011; Holsman
et al., 2017) and integrated modelling (Kelly et al., 2013; Marshall
et al., 2018; Österblom et al., 2013).

An ecosystem approach considers not only individual ecosystem
components but also their interconnections, which introduces new
and problematic uncertainties for both scientists and managers (Levin
et al., 2009; Linke et al., 2014). Uncertainty stems from various sources,
including natural variation, the effects of multiple drivers, and the
imperfect knowledge about the system (Regan et al., 2002). Ecosystem
models can be powerful tools for the prediction of the effects of man-
agement measures, as they allow experimenting with a variety of pres-
sure scenarios and their individual and combined impacts on the
ecosystem, but the uncertainty in predictions can be high (Bauer et al.,
2018; Dietze, 2017; Melbourne-Thomas et al., 2017). A key challenge
for management of complex ecosystems is recognizing and addressing
these uncertainties (Udovyk and Gilek, 2013). Decisionmakers need in-
formation about the uncertainty in order to make informed decisions
and consider the acceptable risk levels explicitly (van Beest et al.,
2020). This calls for a decision support system that is both holistic, i.e.
integrates multiple management goals across sectors, and allows for
an exploration of uncertainties in the projections regardless of its
source.

Theword “integrated” can be understood in variousways in the con-
text of environmental modelling (Jakeman and Letcher, 2003; Kelly
et al., 2013), including integration of issues (environmental, economic,
and social), integration of disciplines (interdisciplinarity), integration
of different processes, models, and scales, and integration with stake-
holders. These modes of integration are not mutually exclusive. The
ecosystem approach based on integrated modelling forms a powerful
framework for designing environmental management (Elsawah et al.,
2017). The drawback is that building integrated models is very work-
intensive, requiring intensive collaboration of experts from different
sectors. Ecologists, economists, other experts, and modellers need to
work together to ensure that the models and data from the different
sectors fit and link together. For example, the outputs from biogeo-
chemical models are ecologically important inputs for food-web
models. Also, uncertainty estimates may not be readily available for
the different model components, and need to be created (Jakeman
et al., 2006; Uusitalo et al., 2015).

Bayesian networks (BN, also called belief networks and Bayesian
belief networks) are awell-fitting tool for integrating ecosystemmodels
operating on different scales, and supporting ecosystem managers in
their decisions (Barton et al., 2012; Kelly et al., 2013) because of their
ability to integrate knowledge and results from different sources. This
makes them particularly useful for ecosystem modelling across sectors
(Chen and Pollino, 2012). Bayesian networks can be augmented with
decision options and management goals, helping to find the best
decisions, considering management target goals in relation to the
system's state and the uncertainties related to knowledge and the deci-
sion option (Uusitalo, 2007). BNs also allow for “what-if” type of
scenario evaluations and diagnostic analysis (Kelly et al., 2013) used
to support multi-target evaluations on directive, operational, tactical,
and strategic levels (Barton et al., 2012; Sutherland, 1983). Over time,
BNs can be expanded and updated in a modular manner, allowing
improvements in one part (e.g. a specific model) of the BN without
needing to revise the whole BN, making them practical for many real-
life management situations. There are a number of recent environmen-
tal applications of BN decision support models (Boali et al., 2019;
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Carriger and Parker, 2021; Mitra et al., 2018; Stritih et al., 2021; Zhou
et al., 2021).

We present a BN for the Central Baltic Sea that integrates results
from multiple models, studies and disciplines, and accounts for uncer-
tainty stemming from multiple sources, such as model selection,
model projections, and uncertain futures.We address a critical question
in European marine management, namely, whether and under which
circumstances and management decisions can both blue growth (BG)
and good environmental status (GES) according to the Marine Strategy
Framework Directive (MSFD) be attained. In our case study, the Central
Baltic Sea, the key GES components are thedegree of eutrophication and
the stock sizes of key commercially exploited fish species, while fishery
targeting these species is economically of great importance. The BN in-
tegrates results from three climatemodels, two biogeochemicalmodels,
a biomass-dynamic food-webmodel, and a bioeconomic fishery model.
Further, it explicitly evaluates the probabilities of reaching the environ-
mental management goals GES for eutrophication and maximum sus-
tainable yield (MSY) for fisheries, as well as economic outcomes of
fishery, under different climatic andmanagement scenarios.We discuss
the approach and methodologies used to construct the BN and assess
under the different sources of uncertainty the probability of reaching
the management goals of both blue growth and good environmental
status simultaneously.

2. Material and methods

2.1. Study area

The Baltic Sea is a semi-enclosed brackish water basin in northern
Europe. It has a humid continental climate (Dfb) based on Köppen-
Geiger climate classification system (Peel et al., 2007), or is on the tran-
sition zone between continental and maritime climate (Meier, 2006).
Sea surface temperature varies with season; in the winter, about half
of the sea is ice-covered (Meier, 2006), and in the summer the sea
surface temperatures can exceed 20 °C (Stramska and Białogrodzka,
2015).

The Baltic Sea drainage area, inhabited by 85 million people, is ap-
proximately four times larger than the sea area. The sea offers important
ecosystem services to the people in the surrounding countries, includ-
ing seafood, recreation and tourism (Ahtiainen et al., 2019; Heckwolf
et al., 2021). The Baltic Sea is also a prime example of an aquatic ecosys-
tem under multiple anthropogenic stressors such as climate change,
fishing, eutrophication and invasive species. The multiple additive and
interacting effects of these stressor have caused drastic changes in the
structure and functioning of food webs in multiple subsystems of the
Baltic Sea (Lindegren et al., 2010, 2012; Möllmann et al., 2009; Olivier
et al., 2019; Pecuchet et al., 2020). Herewe study trade-offs in achieving
GES for eutrophication and fish stocks in the open sea ecosystem of the
Central Baltic Sea (Fig. 1), characterized by three main commercial fish
species, i.e. cod (Gadus morhua) and the clupeids sprat (Sprattus
sprattus) and herring (Clupea harengus membras).

2.2. Model integration

In our study we developed a decision-support system that makes
use of two biogeochemical models forced by coupled climate-ocean
model output, a time-dynamic food web model and a bio-economic
model for the Central Baltic fisheries. We integrated results from these
variousmodels forcedwith combinations of scenarios for climate, nutri-
ent loading and fisheries management using a Bayesian Network (BN)
approach (Fig. 2). The resulting integrative BN model serves as an
emulator (detailed description below) that allows for a better compre-
hension of the interacting results of the coupled model runs, and is
especially suitable for evaluating the probability of reaching potentially
conflicting management targets, e.g. GES in eutrophication and
fisheries.



Fig. 1. The Baltic Sea. The model covers the Central Baltic Sea, shown inside the red border lines in the figure.

Fig. 2. Conceptual illustration of the integrative model structure. Overlapping nodes represent different model outputs such as nutrients (N, P) and three different fish species (cod,
herring, sprat).
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2.3. Individual models

2.3.1. Coupled climate and biogeochemical models
Environmental forcing for the foodwebmodel, aswell as the projec-

tions for nutrient and chlorophyll a concentrations, were based on
climate and eutrophication scenarios generated by the RCO-SCOBI and
BALTSEM biogeochemical models. These models describe the dynamics
of nitrate, ammonium, phosphate, three phytoplankton taxa, zooplank-
ton, detritus and oxygen (Eilola et al., 2009; Gustafsson et al., 2012;
Savchuk et al., 2012). RCO-SCOBI is a 3D model of the Baltic Sea with
3.7 km horizontal and 3 m vertical resolution (Saraiva et al., 2019a),
whereas BALTSEM represents the Baltic Sea as a set of 13 horizontally
homogeneous coupled basins with high vertical resolution. Climate
change and biogeochemical scenarios were run with atmospheric
forcing based on three downscaled global General Circulation Models
(GCMs), the Max Planck Institute Earth System Model-Low Resolution
(MPI-ESM-LR), the European Countries Earth System Model (EC-
EARTH), and the Hadley Center Global Environment Model version 2 -
Earth System (HadGEM2-ES) (later in this work referred to as models
A, B, D) (Saraiva et al., 2019b). The foodwebmodelwas runwith forcing
derived from MPI-ESM-LR combined with RCO-SCOBI.

Both biogeochemical models cover the entire Baltic Sea. For food
web model forcing, output for the Central Baltic Sea was selected and
averaged over relevant spatial units (e.g. depth layers, subbasins). GES
status evaluation was based on the Eastern Gotland basin, the largest
HELCOM assessment unit within the Central Baltic Sea.

2.3.2. Food web model
For demonstrating the changes in the food web, an Ecopath with

Ecosim (EwE) model, already developed for the Central Baltic Sea
(Bauer et al., 2018, 2019), was used (Christensen and Walters, 2004).
EwE is awidely used tool for foodweb analysis in exploited aquatic eco-
systems and builds on a static, mass-balanced snapshot of the system
“Ecopath”, that can be developed to a time-dynamic model “Ecosim”
and used for simulations (Christensen et al., 2009). The Central Baltic
EwE model covers the main open sea area, the central Baltic Sea basins
(Fig. 1). The EwE model domain was designed to cover the major deep
areaswhere themost important ecological processes occur (Casini et al.,
2009; Möllmann et al., 2009) (Möllmann et al., 2009. The EwE model
was calibrated with biomasses and catches of the model functional
groups for 2004–2013, driven by fishing mortalities (defined as an an-
nual harvest rate, i.e. catch/biomass), and environmental forcing. Envi-
ronmental forcing was based on area or volume averages for the
model domain to represent main trends and interannual changes. This
calibrated model was then used to simulate the food web responses to
pre-specified climate, eutrophication andfisheriesmanagement scenar-
ios (see below). The uncertainties inherent in the foodwebmodel were
estimated by applying the EwE Ecosampler module (Steenbeek et al.,
2018). Ecosampler assesses input parameter uncertainty on model out-
put by applying alternatemass-balancedmodel parameter sets (i.e. bio-
mass, production per biomass, consumption per biomass, catches and
diet composition) using a Monte Carlo (MC) routine (Steenbeek et al.,
2018). We used 2000 Monte Carlo runs for each scenario.

The Ecopath with Ecosim model operates on a biomass per square
kilometre basis, while the GES thresholds for the fish spawning stocks
and bioeconomic results are defined on a basin-level scale. Therefore,
to evaluate the GES thresholds of the biomasses and the economics of
fishing, the results of the EwE model were transformed to basin-wide
results by multiplying them by the modelled area.

2.3.3. Bio-economic model
The value of the fisheries in the various scenarios was evaluated

through an ecological-economic simulation model. Fish biomass out-
puts from the EwE model scenarios were linked with species-specific
cost and price functions (Quaas, 2012) to provide the basis for quantify-
ing changes in Blue Growth potential. This enabled the calculation of
4

fishery-specific profits along with harvest magnitude. We included
changes in catches as well as profits, as total catches are of major inter-
est when it comes to both food security and e.g. eutrophication
abatement measures (Iho et al., 2016). The model allows for an investi-
gation of trade-offs in profit distribution between the different partici-
pating fisheries as a result of food web interactions.

2.4. Scenarios for climate change, nutrient loading and fishing

Using the model suite described above, we evaluated a range of
climate, nutrient loading and fishing scenarios. We combined climate
projections for Representative Concentration Pathways (RCP) 4.5 and
8.5 (IPCC, 2014, applied also in Saraiva et al., 2019a) with nutrient
load scenarios according to a status quo reference (REF) conditions
(Saraiva et al., 2019a) and loads outlined in the Baltic Sea Action Plan
(BSAP) (HELCOM, 2007). The REF condition assumes that the nutrient
emissionswill not be controlled by additionalmeasures andwill change
only due to changing climate that may change runoff and atmospheric
conditions (Saraiva et al., 2019a). The BSAP scenario assumes that the
nutrient loads decreased to the level of the maximum allowable load
outlined by (HELCOM, 2007) by 2020, and will remain on that lever
after that (Saraiva et al., 2019a).

Further, we combined the climate and nutrient scenarios with three
fisheries management strategies:

Sustainable fishing (SUS) - This scenario assumes that healthy states
of all threemajor fish stocks in the Central Baltic Sea (i.e. cod, herring
and sprat) will support a healthy and functioning food web and will
be the basis for developing a sustainable exploitation of the Baltic
Sea. We hence set fishing mortalities to FMSY, fishing pressures that
are in accordance with the Maximum Sustainable Yield (MSY)
approach outlined in the EU Common Fisheries Policy (CFP). Since
presently no target fishing mortality (F) values are available for the
cod stock (ICES, 2019), we applied F (FMSY = 0.3) according to the
EU cod recovery plan from 2008 (Bastardie et al., 2010). For herring
and sprat we set FMSY according to the EU Multi-Annual Plan (EU,
2016), i.e. FMSY = 0.22 and FMSY = 0.26, respectively.

Pelagics first fishing (PEL) - This scenario assumes that given ex-
pected climate change, future living conditions of the cod stock
will be detrimental (Gårdmark et al., 2013; Lindegren et al., 2010)
and hence prioritisation of the pelagic fishery on herring and sprat
would be the preferred fisheries management strategy. According
to this assumption, F for cod was set on a level that resembles the
historically maximum exploitation level (F = 1.0), while herring
and sprat were set to FMSY as outlined above.
Open access fishing (OA) - This scenario assumes that a largely
unregulated (Open Access) fishery would be the management of
choice for the future Baltic Sea. Hence, F levels were set to the histor-
ically observed maximum values, i.e. for cod F = 1.46, for herring
F = 0.442 and for sprat F = 0.5.

Hence, altogether 12 different scenarios (2 climate ∗ 2 nutrient
loading ∗ 3 fishing scenarios in all combinations) were produced.

2.5. Bayesian network integrator

Bayesian networks (BN) are directed acyclic graphs in which the
nodes represent variables and the directed arcs represent direct depen-
dency between the two variables (Aguilera et al., 2011; Barton et al.,
2012; Pearl, 1986; Uusitalo, 2007). The strengths of these dependencies
are encoded using conditional probability distributions. Bayesian net-
works can be used for encoding expert understanding over a domain
(Uusitalo et al., 2005), encoding high-dimensional data into a more
compact form (Barber, 2012), as well as combining pre-existing knowl-
edge (such as expert knowledge) and new data in a mathematically
transparent way (Korb and Nicholson, 2011).
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In our application, a BN is used to integrate the model components
above into a unified framework (Fig. 3). Parts of our BN model act as
model emulators, for the biogeochemical and EwE models, while the
bioeconomic model was directly implemented into the BN through
equations (Fig. 3). An emulator is a simplified approximation of a com-
plex model that does not aim to repeat all the internal structures of the
complexmodel, but it is still able tomimic its functioning. Dynamic eco-
system models are usually computationally heavy and linking addi-
tional elements needed in decision support modelling would demand
an excessively complex model. Instead, the emulator is much faster
and can be used as a surrogate for the original model during the infer-
ence procedure, or in sensitivity and uncertainty analyses of the original
model (Jabot et al., 2014; O'Hagan, 2006). Further, applying a BNmodel
Fig. 3. The structure of the Bayesian network model. The c
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as an emulator allowsflexibly adding andmodifyingmodel components
without rewriting and conducting multiple model runs with the
original, much more complex model.

We developed the BNmodel in several steps. First, a directed acyclic
graph (DAG, i.e. the graphical structure) of the above described EwE
model was constructed with Netica (Netica 6.04, Norsys Software
Corp 2017). Thereafter, this network was fitted to a large number of
input-output combinations from the MC runs with the EwE model
using expectation maximization (EM) algorithm (Lauritzen, 1995),
implemented in Netica. The learning process gives estimates of the
model parameters of the BN, also known as conditional probability
distributions. To assess how well the emulator corresponds to the
original models, we applied regression analyses to compared the DIN,
olours indicate the grouping of the nodes (variables).
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DIP and Chl-a concentrations from the simulations by the two biogeo-
chemical models (i.e. the learning data for the emulator) with the out-
comes from the Bayesian emulator. The dataset for this analysis
consisted of the averages of the probability distributions produced by
the emulator and the averages computed from the learning data.
These 96 values correspond to all the different combinations of the
pressure/defining variables including Climate, Nutrient load, Decade,
Climatic model and BioGeochemica model. Likewise, we computed
regression estimates to compare the standard deviation estimates
from the emulator to the standard deviations in the learning data. We
also calculated the relative errors of the approximations by the emulator
to the learning data from the biogeochemical models.

In the EM learning, the EwE data from the decades 2010–2019,
2020–2029, 2050–2059 and 2090–2099 were selected, thus
representing alternatives ranging from the recent past to the end of
the 21st century. In addition to theMC runs, information from thedeter-
ministic EwE runs was applied in the parameter learning to explore if
and how much uncertainty was induced into the EwE model results
through the parameter uncertainty exploration (the Ecosampler runs).

The conditional probability distributions in the node groups fish
biomass and catches (Fig. 3) were learnt from outputs of the EwE simu-
lations. Fish biomasses and fishingmortalities are compared tomanage-
ment reference points for cod, herring and sprat (EU, 2016; ICES, 2019).
Two biomass limits have been implemented, (i) a biomass limit (Blim)
below which reproduction is at high risk and all appropriate measures
shall be taken to ensure rapid recovery above the level capable of
producing MSY (EU, 2016), and (ii) a biomass corresponding to maxi-
mum sustainable yield (MSY Btrigger) above which the probability of
impaired reproductive success of a fish stock is expected to be less
than 5%. The latter is also used as a management reference point in
the MSFD.

The bioeconomic sub-model computes the probability distributions
of economic profits as the difference between revenues and costs. The
revenues were calculated from the volume of catches multiplied with
the fixed species-specific prices per kilogram for the three fish species
and the costs as fishing-effort-dependent fishing costs. The model pro-
vides the sum of the profits from the fisheries on each species. Besides,
a “Minimum acceptable profit” node was added to enable the explora-
tion of how different thresholds in the desired profits would (via back
propagation through the network) influence the optimal choice of alter-
natives in thefisheriesmanagement and the nutrient loadmanagement
in the different climatic futures.

Eventually, we constructed a biogeochemical model emulator to
incorporate information from the RCO-SCOBI model runs on nutrient
and phytoplankton concentrations. Thewater quality values were com-
pared to the GES thresholds of 2.6 mmol m−3 for dissolved inorganic
nitrogen (DIN), 0.29 mmol m−3 for dissolved inorganic phosphorus
(DIP), and 1.9 mg m−3 for chlorophyll a (HELCOM reference values for
Eastern Gotland basin).

2.6. Analyses

Weanalysed the uncertainty stemming fromvarious sources such as
the climate scenario (4.5 versus 8.5), different biogeochemical model
projections with RCO-SCOBI and BALTSEM) as well as uncertainty re-
lated to model parameterization (MC simulations of the food web
model). The sensitivity of the categorical GES variables to the changes
in the values of other variables is represented as relative mutual infor-
mation, which describes how much information we obtain about vari-
able A's value when the value of variable B is known. Variable A's
mutual information with itself is 100%, and if knowing B's value will
not provide any additional information about the value of A, themutual
information is 0%. Mutual information can be computed for both
numeric and labelled variables such as the GES, making it practical for
the presentation of the current results. We show the effects on numeric
variables in terms of variance reduction, which essentially illustrate the
6

degree to which the variation in these variables is explained by the
other variables (Marcot, 2012; Oakley and O'Hagan, 2004).

3. Results

3.1. Risk of failing the good environmental status in eutrophication

The risk of failing to attain GESwith respect to chlorophyll-a concen-
tration is zero for the BSAP projections under both climate scenarios
from the 2050s onwards (Fig. 4), whereas for REF nutrient loading sce-
nario, this risk ranges from 17.7 to 55.8%. The risk of failing to reach GES
for DIP stays high throughout the time series in both climate scenarios
(Fig. 4). These results use both biogeochemical models and all three cli-
mate models. However, the choice of climate or biogeochemical models
can lead to major differences in the results (Fig. 5, Tables A3–A5). Anal-
ysis of mutual information (Table A1) confirms that the projections for
reaching GES for DIN and DIP are most sensitive to the biogeochemical
model selection, with mutual information of 66% and 21%, respectively.
GES for chlorophyll a is much less sensitive to these variables, but most
sensitive to the nutrient loading scenario. The two biogeochemical
models yielded very different results regarding the nutrient and chloro-
phyll a dynamics. Despite similar time trends in concentrations, differ-
ent models can create large differences in the predicted probability to
reach GES target values. Differences in biogeochemical model output
for hindcast and future simulations have also been found in a large en-
semble of Baltic Sea biogeochemical models (Meier et al., 2018, 2019).

The emulator of the biogeochemical models gave slightly smaller
estimates compared to the learning data, on average by 7.5%, 5.2% and
0.6% for DIN, DIP and Chl-a, respectively. The coefficient of determina-
tion was high for each of the estimates (Fig. A2). The probability distri-
butions with Netica had somewhat smaller standard deviations for the
probability distributions compared to the learning data.

3.2. Risk for fish GES

The risk of not reaching GES for the three fish indicators, cod, sprat
and herring are highest in the open access and pelagics first fishing sce-
narios and lowest in the sustainable fishing scenarios independent of
climate and nutrient load scenarios (Fig. 6). However, even the sustain-
able fishing scenario projects a more than 50% risk of not reaching GES
for herring in all scenario combinations. For sprat, more than 50% risk
of not reaching GES was projected for all RCP4.5 scenarios (except for
the period 2020–2029) whereas GES is always reached in the RCP 8.5.
REF scenarios, independent of the time period. Concerning cod, GES is
reached in all sustainable fishing scenarios except for the RCP8.5-REF
combination in the 2090–2099 period.

Our results support that the sustainable fishing scenario is the man-
agement option with the highest probability to reach biomass values
above the GES for all fish species. Climate and loading scenarios are
likely to have little impact during the first decades, but towards the
end of the 21st century, the climate scenario RCP4.5 and the nutrient
scenario BSAP are likely to produce higher potential cod biomasses
and catches than the RCP8.5 for climate and the Reference scenario for
the nutrient loads. For herring, the system forecasts relatively small dif-
ferences among the scenarios while sprat could indeed benefit from a
more eutrophic and warmer environment.

Our model enables comparisons of the estimates learned from the
outputs from the deterministic and the Monte Carlo (MC) generated
Ecopath with Ecosim (EwE) food web simulations. Accounting for the
uncertainty of the EwE model parameters causes considerable increase
in the variances of the projected fish stock biomasses, the catches and
the expected economic outputs in most scenarios (Fig. A1). The effect
of this uncertainty on the probability to reach GES for the spawning
stock biomasses (B MSY trigger) is minor for sprat (46.1% to 53.2%)
and cod (43.0% to 46.6%). However, for herring the probability for
reaching GES increases from 3.5% to 20.7% (across all scenarios and



Fig. 4. The risk of failing Good Environmental Status in terms of eutrophication – Indicators are chlorophyll a (Chl-a), Dissolved Inorganic Nitrogen (DIN) and Dissolved Inorganic
Phosphorus (DIP); nutrient loads are modelled according to the Baltic Sea Action Plan (BSAP) and a reference scenario; climate model runs are according to RCP 4.5 and RCP 8.5
emission scenarios; risks are evaluated for present (2020–29), mid-term (2050–59) and long-term (2090–99) time horizons. The presented results use the results of both
biogeochemical models.
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decades). This is because the larger uncertainty also implies a larger
possibility both for exceptionally high and low stock sizes (Fig. A4). It
can be noted that the fish stock biomass variables react more strongly
(aremore sensitive) to themanageable variables such asfishingmortal-
ity and nutrient loading in the deterministic model than the Monte
Carlo model (Table A2). This implies that if the uncertainty of the food
webmodel's parameters is not considered, wemay overestimate the re-
sponses of the ecosystem tomanagementmeasures. The cod biomass is
tightly linked with the fishing scenarios (variance reduction >70% in
both climate scenarios and both deterministic and Monte Carlo model
runs). Of the clupeids, herring react more strongly to fishing and sprat
more strongly to nutrient loading scenarios.

3.3. How to reach GES and blue growth

The advantage of our BN is that it calculates how likely it is to attain
GES and blue growth at the same time across the different future sce-
narios. Differentmodel outcomes can be selected to seewhich scenarios
wouldmost likely lead to these outcomes, taking into account all the in-
teractions and uncertainties in themodel. If we set the target for the fu-
ture fisheries profit to higher than 50 million €, the sustainable fishing
scenario is the optimal option, while negative profits are linked to the
open access fishery policy. Overall, the fisheries profits were very little
affected by the climate and nutrient loading scenarios. All threefish spe-
cies biomasses attain GES (B MSY trigger) most likely with the sustain-
able fishing scenario. Again, the nutrient and climate scenarios have
minor impacts, except the RCP8.5 climate scenario together with the
REF nutrient loading scenario. All fish biomasses would reach GES
7

with 90.7% probability in association to profitable fisheries (i.e. profits
higher than 0 €).

We found that the highest probability to reach GESwould take place
with the climate scenario RCP 4.5 and the BSAP nutrient loading sce-
nario, and after the year 2050. Interestingly, however, virtually only
the model results from the RCO-SCOBI projection indicate that GES
can be reached (99.2% with RCO-SCOBI in contrast to 0.82% with
BALTSEM). This is caused by higher predicted DIP concentrations in
BALTSEM than in RCO-SCOBI. While both models respond with declin-
ing DIP to the implementation of the BSAP (see Table A2), concentra-
tions stay above the GES threshold in both RCP4.5 and 8.5 scenarios
simulated with BALTSEM. Focusing on the fish species also supports
the notion that GES in water quality and fish stocks could be (among
the scenarios) most likely reached with RCP4.5 and BSAP. And again,
we get support that GES for all these indicators could be reached only
after the year 2050. The GES status for all fisheries and water quality
indicators is associated with 94.6% probability of profitable fisheries.

4. Discussion

The current BN shows that the uncertainty related to single model
selection may be a major driver of the results (Fig. 5), which would
remain unacknowledged if only one model is used. This emphasizes
the fact that the different sources of uncertainty need to be evaluated
and discussed openly. Underrepresenting the uncertainty related to
the scenario evaluations due to e.g. model selection or failing to account
for the parameter uncertainty in these models (Fig. A4, Table A2) may
lead to an illusion of better manageability than what is realistic.



Fig. 5. The probabilities of reaching GES for DIN, DIP, and Chl-a in different decades, according to different combinations of climatic and biogeochemical models.
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Furthermore, it is obvious that any model captures only a part of the
true uncertainty related to the ecosystem's development (and that in
some cases models may exaggerate the uncertainty). The two biogeo-
chemical models yielded very different results regarding the nutrient
and chlorophyll a dynamics. Despite similar time trends in concentra-
tions, bias betweenmodels can create large differences in the probability
to reach GES target values. It is conceivable that different food web
models might equally give different projections about the development
of the higher trophic levels. Accounting for the parameter uncertainty
in the Ecopath with Ecosimmodel through the Monte Carlo simulations
alleviates this problem to some degree, but only covers a part of the as-
sumptions and necessary simplifications taken during the model devel-
opment. As only one biogeochemicalmodel and climatemodel was used
to force the foodwebmodel results also adds a layer of unacknowledged
uncertainty into the results.

Another source of error in complex BNs like the one presented here
lies in the transformations necessary to fit the multiple sub-models
components together. In this case, the Ecopath with Ecosim model
operates on a biomass per square kilometre basis, while the GES thresh-
olds for the fish spawning stocks and bioeconomic results are only
meaningful on a basin-level scale. Similarly, the two biogeochemical
models operate with different spatial resolution. RCO-SCOBI output
was aggregated to the Gotland Basin unit in BALTSEM, and HELCOM's
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threshold for the Eastern Gotland basins were used for GES evaluation,
since BALTSEM output was thought to be most representative of the
Eastern Gotland basin.

Bayesian network models are often 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 the present model, and commonly
with decision support models in general, this is not the case, however.
The climate projections and management options present only few,
selected scenarios among all the possible climates, nutrient loads and
fishing mortalities that could take place. Similarly, the different climate
and biogeochemical models used to assess the nutrient and chlorophyll
a dynamics cannot be conceived to be the only possible options to
describe these dynamics. Therefore, our model must be seen purely as
a decision support system, not a representation of the joint probability
distribution over the system. In theory, the model could be developed
into the latter by adding to all the scenario andmodel variables another
state that would cover all other possibilities. Parameterising this model
with any accuracy would be a near-impossible task, however, and it
would be useless in aiding management.

The pre-selection of scenarios is a necessity for building such a com-
plex metamodel. If different parts of the BN come from different mech-
anistic models that cannot be fit together to form a large simulation



Fig. 6. The risk of failingGood Environmental Status in terms of healthyfish stocks for cod, herring and sprat; nutrient loads aremodelled according to theBaltic Sea Action Plan (BSAP) and
a reference (Ref) scenario; fisheries management scenarios include Open Access (OA), Pelagics first (Pel) and sustainable fishing (Sus); climate model runs are according to RCP 4.5 and
RCP 8.5 emission scenarios; risks are evaluated for present (2020–29), mid-term (2050–59) and long-term (2090–99) time horizons.
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model system, themodeller is left with the option to run the “upstream”
models with certain scenarios to obtain their output, and then use these
data as forcing functions for the “downstream” models. Theoretically,
there could be a very high number of these scenarios that are combined
into the decision support model. In practise, this is often limited by the
fact that themodel runs can take a long time. Therefore, the selection of
the most relevant, plausible scenarios is often the best compromise. In
this work, we used only two most frequently used climate scenarios,
and three clearly distinct fishing scenarios. Ideally, these scenarios are
selected in a dialogue with the stakeholders to represent the develop-
ment pathways that they are the most interested in.

There are environmental decision support systems, such as web-
based geospatial tools, that enable much more flexibility for the user
to explore their own scenarios (Knight et al., 2015; Manna et al., 2020;
Marano et al., 2019). These systems, however, need to rely on scenario
data that has been computed and stored beforehand, equations that
can be solved on the fly, or a combination of these. In case of the EwE
models for example, a single scenario run takes several minutes at the
minimum, and if uncertainty estimates are included, as decision support
would be advised to do, the Monte Carlo runs would take hundreds to
thousands times as long. Therefore, the option for these models would
be to compute the scenarios beforehand.

Good modelling practise includes the validation of the developed
models. Model validation can be defined as checking the model repre-
sentativity and the accuracy of the results (Aguilera et al., 2011).
Pitchforth and Mengersen (2013) propose the following criteria for
the assessment of predictive validity of a Bayesian network model:
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1. Is the model behaviour predictive of the behaviour of the system
being modelled?

2. Once simulations have been run, are the output states of individual
nodes predictive of aspects in the comparison models?

3. Is the model sensitive to any findings or parameters to which the
system would also be sensitive?

4. Are there qualitative features of the model behaviour that can be
observed in the system being modelled?

5. Does the model including its component relationships predict
extreme model behaviour under extreme conditions?

The items 1, 2, 4, and 5 on the list refer to expert validation, i.e. the
domain experts’ assessment of whether the model appears to make
sense, while item3 refers tomore technical sensitivity analysis. Both ex-
pert assessment and sensitivity testingwere employed to assess the va-
lidity of the current model. However, as the current model is predicting
the future, also the expert judgement may be unable to predict what
kind of behaviour should be expected from the system in the various
scenarios in the future.

BN models are modular and can be further developed by including
more sub-models, ecosystem components, GES descriptors, or social
and socio-ecological targets. This requires that the same time scales
and management scenarios are used also in the modelling of the new
components. The model could also be reviewed by stakeholders, who
could point out any development needs, further information needs,
values, etc.
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This work has demonstrated that there are large uncertainties
related to the future projections of the Baltic Sea ecosystem even
though relatively good data sets and models exist for the area. This
highlights the need to be very transparent about the assumptions
and uncertainties of the models used for decision support. The
uncertainties and unknowns also mean that intensive environmen-
tal monitoring is needed to detect the changes and the effects of
management and policies as early as possible, and that management
needs to be agile and adaptive in order to react to these changes ap-
propriately.

5. Conclusions

In general, Bayesian Network models can present and summarize a
large body of information and the uncertainties related to various as-
pects of this information and serve as a meta-model, integrating results
gained from multiple different components and models (Uusitalo,
2007; Varis and Kuikka, 1997). The BN model structure used here fol-
lows the same rationale with the idea of itemizing management deci-
sions and scenarios, whose effects are tracked through the ecosystem
down to socio-economic targets. The goodness of the decisions can be
evaluated by assessing how well the targets (here GES) are reached,
and it allows explicit discussion of the uncertainties related to theman-
agement, aswell as the potential trade-offs related to the differentman-
agement decisions. The present BN allows the simultaneous evaluation
of the fisheries economics and the attainment of the various environ-
mental management objectives, therefore facilitating discussion on
the trade-offs and synergies between goals and across sectors. By
using two different biogeochemical models and Monte Carlo simula-
tions of the foodwebmodelwithin theBN, it illustrates howuncertainty
related to the various decision options can be integrated, according to
the best available estimates, and allows for the assessment of the effect
of modelling assumptions on these results. This is a distinct benefit that
allows the decisionmakers to choose the risk level theywant to operate
on. Probabilistic models show the uncertainty related to the values of
the model components (Uusitalo, 2007), making it possible to evaluate
whether some of the scenarios offer smaller uncertainty overall, or a
smaller risk of an undesired outcome.
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