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Preface

This thesis was submitted as part of the requirements to fulfil the Doctor of Philosophy
Degree (Ph.D.) at the Technical University of Denmark (DTU) under the National In-
stitute for Aquatic Resources (DTU Aqua). The research presented in this thesis were
carried out at the Section for Ecosystem based Marine Management between May 2017
and July 2020 under the supervision of Dr. Francois Bastardie, and co-supervision of
Prof. Dr. J. Rasmus Nielsen and Dr. Kasper Kristensen.

The thesis was part of MSPTOOLS (Grant Agreement No. 33113-B-16-064)
and COFASP ECOAST (Grant Agreement No. 321553) projects that were funded by
the European Maritime and Fisheries Fund (EMFF) and the Danish Fisheries Agency,
during the period of 2017-2019; For the last year of the Ph.D., the thesis was funded by
the PhD School of DTU Aqua. Additional funding for conferences and external research
stay was granted by the Otto Mønsteds Fond.

During my PhD I have been privileged to conduct a 3-month research stay at
the Commonwealth Scientific and Industrial Research Organisation (CSIRO), section of
Oceans and Atmosphere, Australia, in collaboration with Dr. Sean Pascoe. I was also
granted the opportunity to travel to Seattle (2018) and Salzburg (2019) to present some
of the outcomes of my thesis at the IIFET and ISEM conferences, respecitvely, including
the presentation of the MSPTOOLS outcomes at the workshops held within the IIFET
special session and later in DTU Aqua (2019). In 2017, I had also a unique opportunity to
participate at the ICES working group on Spatial Fisheries Data (WGSFD) in Aberdeen,
where I indeed marked my first contact with any sort of ICES working groups.

The following thesis is structured in six chapters, where in Chapter 1 I provide a
general overview of the major subjects underlying my research questions. In Chapter 2
I provide some theoretical background to support the research manuscripts, with special
emphasis on the spatial statistical theory as it forms the basis of this thesis. The following
three chapters (Chapters 3-5) correspond each to an individual manuscript that were
written for a peer-reviewed journal. These chapters, thus, have the standard structure of
scientific papers, each of which also accounts with a supplementary material. Chapter
6 finalizes the thesis by providing concluding remarks and future perspectives.
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Summary

The present thesis aims to support the ecosystem-based fisheries management (EBFM)
approach with state-of-the-art statistical and bio-economic tools to model both fish
population and fishery dynamics, with insights derived from the Danish fisheries in the
Baltic Sea. The central pillar of the thesis is the development of a flexible spatio-
temporal statistical model (log-Gaussian Negative Binomial process, hereafter simply
LGNB) that integrates both fishery-dependent and -independent data simultaneously,
while accounting for their relative bias contributions in the abundance estimator of com-
mercially exploited fishery resources. As initially expected, our findings revealed that the
integrated LGNB model increased considerably the precision of the estimated abundance
fields, and each of the data sources provided complementary information in the spatio-
temporal age-specific abundance indices. Accordingly, this makes our model eligible to
support fish stock assessments, as well as applications related to sampling optimization,
identification of essential fish habitats, and calibration of fisheries bio-economic models,
all aspects addressed in this thesis.

The first application, thus, focused on issues related to sampling optimization
and the cost-effectiveness of fisheries monitoring programs, an aspect that is typically dif-
ficult to assess. To do so, we used the LGNB model to develop a comprehensive analytical
framework to explore the trade-offs between a set of performance metrics for estimating
fish abundance, sampling size and costs of both fishery-dependent and -independent
monitoring programs, while considering risk and statistical robustness. Overall, our re-
sults suggested that, if sampling costs have to be reduced, reliable abundance indices
can still be achieved by complementing the reduced fishery-independent data with infor-
mation from fishery-dependent data. These results, nevertheless, have also shown to be
sensitive to the evaluated species and year.

In the second application, we applied the LGNB model on two inter-related con-
texts. First, we used the model to identify persistent nursery and spawning grounds for a
selected fish species in order to test them as potential fishing closures. Secondly, we cal-
ibrated the population dynamics model of the fisheries management strategy evaluation
(MSE) tool DISPLACE with the integrated LGNB model. As such, we could explore
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not only the possible benefits of coupling a more refined abundance predictive model
into DISPLACE, as well as evaluate the effect of fishing closures on the fish and fishery
dynamics. Our general findings revealed that the LGNB model accounted more realisti-
cally for the stochastic nature of the fishery resource dynamics in the MSE framework,
and yielded more conservative estimates in the biological and socio-economic indicators
(e.g., spawning stock biomass, revenue, and income inequality). Most importantly, our
results highlighted the importance of including the social and behavioral aspects in the
fisheries management process, as the establishment of fishing closures have shown to
induce fishermen to increase their catch rates of other species to compensate for the
economic loss on the target species.



Dansk Resumé

Nærværende PhD rapport støtter økosystembaseret fiskeriforvaltning (ØBFF) med høj-
tudviklede statistiske og bioøkonomisme værktøjer til at modellere både fiske- og fiskeri-
dynamikker med speciel indsigt opnået gennem det danske fiskeri i Østersøen. En central
søjle i rapporten er udvikling af en fleksibel rumlig og tidsbaseret statistisk model (LGNB
modellen), som integrerer både fiskeri-afhængige og fiskeri-uafhængige data samtidigt,
imens den tager højde for deres relative statistiske skævheds-bidrag i estimationen af pop-
ulationsstørrelsen. Som umiddelbart forventet, så viste resultaterne, at LGNB modellen
med integrerede data øgede præcisionen signifikant i estimationen af populationsstør-
relsen samt at hver af datakilderne bidrog med komplementær information i rumlige
og tids-specifikke populationsstørrelses-indeks. Dette kvalificerer dermed modellen til at
supportere fiskebestandsevaluering og optimere dataindsamling samt til at identificere
essentielle fiskehabitater. Yderligere berettiger det den til kalibrering af fiskeribaserede
bioøkonomiske modeller. Alle disse aspekter er adresseret i nærværende PhD rapport.

I første anvendelse af modellen fokuserede vi på optimering af indsamling af fiske-
og fiskeridata samt omkostningseffektivitet af fiskeri-moniterings-programmer. Dette er
typisk noget, som er svært at evaluere. Her anvendte vi LGNB modellen til at udvikle
et omfattende analytisk rammeværktøj til at evaluere afvejninger imellem et sæt af
præstationsparametre til at estimere populationsstørrelse med i forhold til dels indsamlede
stikprøvestørrelser og omkostninger samt i forhold til sikkerhed og statistisk robusthed i
estimaterne. Generelt indikerede resultaterne, at pålidelige og sikre populationsestimater
stadigvæk kunne opnås ved lavere indsamlingsomkostninger ved at reducere de dyrere
fiskeriuafhængige data og komplementere dem med de billigere fiskeriafhængige data.
Disse resultater viste sig dog at variere og være følsomme i forhold til den evaluerede art
og data-indsamlingssæson.

Dernæst anvendte vi LGNB modellen i to relaterede sammenhænge. Dette var
initalt til at identificere permanente opvækst- og gydnings-områder for en udvalgt fiskeart
med henblik på at teste dem som potentielle fiskerilukningsområder. Herefter kalibr-
erede vi populationsdynamik-modellen i fiskeriforvaltnings-strategi-evaluerings-værktøjet
(FFSE) DISPLACE med den integrerede LGNB model. Herved kunne vi dels undersøge
mulige fordele ved at koble den mere rafinerede populationsstørrelses estimations model
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med DISPLACE modellen samt evaluere effekten af fiskerilukninger på fiskepopulations-
og fiskeri-dynamikken. De overordnede resultater viste, at LGNB modellen mere realistisk
tog højde for den stokastiske natur af dynamikken i fiskepopulationerne og fiskerires-
sourcerne i FFSE-værktøjet og gav mere konservative estimater af biologiske og so-
cioøkonomiske indikatorer. Vigtigst af alt har resultaterne vist, hvor stor betydning det
har, at inkludere sociale og adfærdsmæssige aspekter i fiskeriforvaltningsprocessen. Det
viste sig nemlig, at etablering af lukkede fiskeriområder fik fiskerne til at øge fangstraterne
for andre arter for at kompensere for det økonomiske tab på målarten, som lukningerne
medførte.



Popular science summary

The ecosystem-based approach to fisheries management (EBFM) has been posing some
new challenges for fisheries scientists and those engaged with their management, given
its complex nature to safeguard the marine ecosystems while simultaneously attending
the societal and human needs for food and economic benefits. In order to accomplish
more solid conservation and management solutions, the EBFM requires the gathering
and use of data sources at a very fine spatial and temporal resolution. Such a holistic
approach also calls for the development of innovative and robust quantitative methods
that can integrate and evaluate the different biological data sources that are used in the
evaluation of fish stocks. Monitoring and assessing the status of fish stocks typically
rely on two types of information: one type that is collected together with the commer-
cial fisheries, also known as fishery-dependent data, and another type that is collected
through scientific-based surveys, also known as fishery-independent data because they
do not depend on the commercial fishing activities. Due to their different aims, the
sampling design underlying the collection of each data type provides distinct levels of
bias sources, and have been consequently hampering their joint coupling in a statisti-
cal modelling approach. Nevertheless, if such a model can account for these different
bias sources adequately, it is expected that a more complete picture of the spatial and
temporal abundance dynamics of the fish stocks can be achieved; hence, providing more
reliable information in support of the management of fish and fisheries. The present the-
sis aims, thus, to support the EFBM with state-of-the-art statistical and bio-economic
tools to model both fish and fishery dynamics, with insights provided from the Danish
fisheries. The central pillar of the thesis was the development of a flexible spatio-temporal
statistical model (LGNB) that integrates both fishery-dependent and independent data
simultaneously, while accounting for their relative bias contributions in the abundance
estimator of commercially exploited fish species. Seeded by the LGNB model, the thesis
further derived three applications to evaluate aspects such as i) sampling optimization of
fishery monitoring programs, ii) identification of essential fish habitats such as spawning
and nursery grounds, and iii) effect of fishing closures on the fish and fishery dynamics.
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Chapter 1
General Introduction

“You never know what is enough, unless you know what is more than
enough.“

— William Blake

1.1 Fish, fisheries and their management

Marine fisheries play a key role in the economy and well-being of coastal communities as
they provide food supplies, job opportunities, livelihoods, income and cultural identity
worldwide (Jennings et al., 2013). It is widely recognized that marine resources, although
renewable, are not infinite and have to be properly managed if their contribution to the
nutritional, economic and social well-being of the world population is to be sustained
(De Fontaubert & Lutchman, 2003; Pennino, 2013). This is especially true in the light
of an ever-growing world population, where our hunger for seafood has increased more
than ever before. Indeed, according to the Food and Agriculture Organization (FAO,
2020), the annual global consumption of seafood per capita has more than doubled over
the past 50 years (going from roughly 9 kg in 1960’s to 20 kg in 2018), and demands
are likely to increase by 70% until 2050 (Béné et al., 2015).

With fish being amongst the most traded food commodity (FAO, 2020; Mc-
Clanahan et al., 2015), and given current outlook of the world’s fisheries status, a fun-
damental question that has plagued fisheries scientists is whether the increased demand
for fish can be met in a sustainable manner. Since the early 1970’s many important
fish stocks have collapsed worldwide, including iconic examples such as the Peruvian
anchovy (1971-1972) and the Newfoundland cod (1992) (Jennings et al., 2013; Pauly
et al., 2002).

To date, several fisheries resources are still being exploited well above sustain-
able levels and the state of these resources are yet in a steady decline (FAO, 2020).
The pressure on the living resources grows even more when we consider the multiple
unintended side-effects of the fisheries, such as bycatch, discards, habitat destruction
including impact on the benthic organisms (e.g., Amoroso et al., 2018; Bellido et al.,
2011; Eigaard et al., 2017; Hall et al., 2000), and other human-induced impacts as, for
example, global warming, eutrophication, pollution, and introduction of invasive species
(e.g., Arnason, 2012; Cheung et al., 2013; Micheli, 1999; Pinsky & Byler, 2015). All
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these factors combined have induced substantial changes in the functioning and struc-
ture of marine ecosystems (Ceballos et al., 2015; Gascuel et al., 2016; Maureaud, 2020;
Rijnsdorp et al., 1996), thereby affecting the goods and services they deliver not only to
the fisheries, but most importantly to the human society (Garcia et al., 2018).

Albeit the reasons towards the stock collapses are manifold and often complex to
discern, a series of factors can be readily identified. The most obvious one is overfishing,
which can be directly attributed to the excess of governmental subsidies and overcapital-
ization, and thus overcapacity of the fishing vessels (e.g., Cunningham & Gréboval, 2001;
Hilborn, 2011a). Other factors relate to the anthropogenic impacts on the ecosystem
(e.g., Brander, 2013), and the lack of both political will and clear management objec-
tives (e.g., Cochrane, 2002; A. Smith, 2013). Furthermore, the use of inadequate data
and model misspecification to perform stock assessments has also lead to major failures
in the estimation of sustainable yields, with drastic consequences to the fisheries (e.g.,
A. Nielsen & Berg, 2014; Pedersen & Berg, 2017; Walters & Maguire, 1996). Fact is:
the series of collapses has triggered increased awareness among scientists, stakeholders
and politicians about the various deleterious effects that fisheries have on the marine
ecosystem, at the same time they gradually recognized that fisheries management goes
way beyond the management of a single (and supposedly homogeneous and well-mixed)
stock (Fig. 1.1).

Figure 1.1: Main biological processes considered in a single-species management
approach, where mortality is commonly divided into fishing and natural morality.
The stock dynamics is solely described by its biological processes, where assessment
models produces reference points that are typically a proxy of Maximum Sustainable
Yield (MSY), such as the Schaefer production curve depicted on the right side of the
figure. In this case, the following year’s biomass Bt+1 depends on the present year’s
biomass Bt, the surplus production rBt(1−Bt/K), and the catch C that is given by
qEtBt, where r is the intrinsic growth rate, K the carrying capacaity, q the fishing
catchability, and E the fishing effort. Note that q is conventionally assumed to be
constant, which is a major problem when considering commercial fisheries data - see
chapter 2 for more detailed discussion on this aspect.

Chapter 1 4
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To date, management practices focusing on a single target species or fishing
sector has been widely recognized as insufficient (Costanza et al., 1998; Larkin, 1977;
Ludwig et al., 1993; Pikitch et al., 2004), although a smaller fraction has responded well
to this approach (Cardinale et al., 2013; Fernandes & Cook, 2013; Hilborn & Ovando,
2014). Following Hilborn (2007) on “managing fisheries is managing people”, a key
ingredient for a successful fisheries management depends in fact on our ability to un-
derstand the interplay between people and ecosystems, in order to provide management
advice that also meets societal needs.

Thus, to address the need of a more effective management, several advisory
panels (e.g, the International Council for Exploration of the Sea (ICES, 2004), the Mid-
Atlantic Fishery Management Council (MAFMC, 2006), and the North-West Atlantic
Fisheries Organization (NAFO, 2008), among many others) have been moving towards
a more holistic approach where the ultimate goal relies on achieving economic, social
and environmental sustainability. This is best known as the Ecosystem-Based Fisheries
Management (EBFM), and can be broadly described as

"an approach that takes major ecosystem components and services (both structural
and functional) into account in managing fisheries. It values habitat, embraces a multi-
species perspective, and is committed to understanding ecosystem processes. Its goal is
to rebuild and sustain populations, species, biological communities, and marine ecosys-
tems at high levels of productivity and biological diversity so as not to jeopardize a wide
range of goods and services from marine ecosystems while providing food, revenue, and
recreation for humans" (NRC, 1999; Trochta et al., 2018).

The multi-sectoral effort to manage fisheries resources through an ecosystem-
based approach has led to different conceptions and names (e.g. Dolan et al., 2016;
Long et al., 2015; Trochta et al., 2018; Zhou et al., 2010) (Fig. 1.2), and has been
widely adopted by the European Union (Box 1). Because the EBFM is inheritably
complex for involving multiple and often competing objectives (Goti-Aralucea et al.,
2018; J. Nielsen & Mathiesen, 2006; A. Smith et al., 1999), and because a high level of
uncertainty typically underlay the impact predictions (Pennino, 2013), EBFM approaches
have prompted the need to improve and develop innovative methodological approaches
that tackle the various ecosystem components at a spatial and temporal resolution that
truly matters to managers and policy makers (Plagányi, 2007).

This includes improving not only the abundance estimates of individual stocks
and better understanding on how they distribute in space and time, as well as estimating
and predicting more reliably the interlinked effects of fish and fishery dynamics on the
broader social and ecosystem perspectives through the so-called Ecological-Economic
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Fisheries Models (R. Nielsen et al., 2018). Implicit to both aspects is to guarantee the
long-term sustainability of the socio-economic-ecological system at the least cost.

The reliability to inform robust scientific advice to the EBFM depends, nev-
ertheless, also largely on the quantity and quality of data, especially when consider-
ing the single-species management aspect (Fig. 1.2). Broadly speaking, there are two
main types of fishery data that can be used to assist the EBFM, fishery-dependent
and fishery-independent data, each of which has its pros and cons with respect to their
spatio-temporal coverage and costs (Hilborn & Walters, 1992; R. Nielsen, 2015; Pennino,
2013). To understand the impact of the data type on the stock abundance estimations
and overall EBFM evaluation frameworks, we first have to understand what each data
source is, what their main objectives are, and how they are collected. I shall return to
these specific aspects in the next chapter.

Figure 1.2: Different approaches and definitions of fisheries management, where
the SSFM is the pillar approach. Whenever the SSFM considers other ecological
and environmental factors to describe the population dynamics (e.g., predation,
bathymetry), it is termed as the EAFM. A system-level perspective of the EAFM
where multiple fisheries and other marine species are taken into account is known as
the EBFM. The ultimate scope is the EBM, whereby the fisheries is embedded within
a larger number of sectors (e.g., shipping, marine aquaculture). Figure inspired on
Dolan et al. (2016).
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In the European Union (EU), where most of the scientific advice on the
living marine resources is provided by the International Council for the Ex-
ploration of the Seas (ICES; http://www.ices.dk), the ecosystem approach
has evolved to not only the broader levels of the marine environment, but
has also become applicable to the narrower level of the fisheries. The Ma-
rine Strategy Framework Directive (MSFD; https://ec.europa.eu), for in-
stance, adopted the ecosystem approach as an integral part of its objectives
with the main aim of achieving the Good Environmental Status (GES) for
all EU marine waters by 2020 (T. Berg et al., 2015; E.C., 2008). The Di-
rective evaluates the GES through eleven qualitative descriptors, each of
which describes a particular aspect of how the marine environment should
look like once the GES has been reached (Annex I in E.C, 2008). Of im-
mediate interest to the fisheries are the descriptors related to biodiversity
(D1), sustainability of fish stocks (D3) and food web (D4), and integrity of
the seafloor (D6). These descriptors are in fact harmonized with the 2013-
revised Common Fisheries Policy (CFP; CFP, 2013), which has been the
principal framework of the European fisheries management since its ini-
tial implementation in 1983 (https://ec.europa.eu/fisheries/cfp_en). The
revised CFP explicitly states that fisheries should mitigate their impacts
on both exploited resources and other ecosystem components (e.g., non-
target species such as marine birds and mammals, and benthic habitats),
while ensuring viable incomes for the fishermen and food provisioning for
the society. As for now, the key exploited resources are managed under To-
tal Allowable Catches (TACs; ICES, 2015; Marchal et al., 2016), whereby
a suite of additional regulation tools are deployed to reduce, for example,
the catch of unwanted and/or undersized species (e.g., gear/mesh regula-
tions), or the fishing pressure on the stock and/or marine habitats (e.g.,
seasonal and area closures). A standardized sampling program has been en-
forced via the Data Collection Framework (DCF; E.U., 2017) as a means
to ensure the compliance from each member state, which are then annually
revised by the Scientific, Technical and Economic Committee for Fisheries
(STECF). Accordingly, each member state collects data on the biological,
economic and environmental components through their respective National
Programmes in order to monitor the fishery resources and populate the
stock assessment models. This includes data collected from both fishery-
dependent and fishery-independent sampling programmes.

Box 1: The EBFM in the EU context
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1.2 Aims of the thesis

The overarching aim of the present thesis was to contribute to the fisheries management
with cutting-edge statistical and bio-economic tools to model the fish and fishery dy-
namics at the finest spatial and temporal resolution, such that it could assist local and
regional management practices.

The central aspect of the thesis relied on integrating fishery-dependent and
fishery-independent data to estimate and predict the spatio-temporal abundance distri-
bution of fishery resources, under the premise that both data sources provide comple-
mentary information, and thereby a more complete picture of the spatial and temporal
pattern of fish distribution and abundance dynamics. To do so, a novel spatial statisti-
cal model was developed in order to integrate both data sources while addressing their
individual bias sources. This model is briefly introduced in Chapter 2 and presented
in more details in Chapter 3. The integrated model was then applied in the following
contexts:

• Fishery data sampling optimization (Chapter 4).

• Identification of essential fish habitats (Chapter 5).

• Refinement of spatial-explicit bio-economic models (Chapter 5).

All applications were developed by using the Danish fisheries as case examples, and
more specifically the trawl fishery from the western Baltic Sea and Kattegat. Within
this context, I specifically pursued the following research questions:

– Does the use of fishery-dependent data in the integrated model reduce the un-
certainty of the abundance indices compared to the indices based on fishery-
independent data? (Chapter 3)

– Does the use of fishery-dependent data in the integrated model provide com-
plementary information to the fish stock’s spatio-temporal distribution com-
pared to the model using only fishery-independent data? (Chapter 3)

– Can the sampling costs of fishery-independent data collection programmes
be reduced by supplementing the abundance indices with fishery-dependent
data? (Chapter 4)

– Can the integrated model improve the fishery resource abundance dynamics
of spatial-explicit bio-economic models such as DISPLACE? (Chapter 5)

– Are the cod spawning closures in the western Baltic effective, and can they
be improved by identifying persistent essential fish habitats through the in-
tegrated model? (Chapter 5)
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Chapter 2
Theoretical Background

“Counting fish is like counting trees—except they are invisible and they
keep moving.“

— John Shepherd

2.1 Fisheries data

Fisheries data can be generally referred to as any data type that provides information
about the biological components of the target and non-target species, the environmental
conditions that potentially affect the dynamics of fishery resources, and the economic
aspects that drives the fishery (see Box 2 for an overview on the Danish fisheries data
collection framework).

Fishery-independent data
Fishery-independent data relates to the data that are collected independently of the fish-
eries and are, as such, not influenced by the harvesting activities. The data are typically
gathered by means of scientific research surveys (e.g., trawl and acoustic surveys) that
are coordinated by national management advice agencies and research institutes (e.g.,
ICES, NAFO, FAO), and have the main purpose of gathering information on the relative
abundance and distribution of commercially important fish species (Hilborn & Walters,
1992; N. R. C. NRC, 2000; Pennino, 2013). Accordingly, fishery-independent data play
a vital role in the scientific management advice as they form the basis for single and
multi-species stock assessments, and are often also the only available data to estimate
abundance trends of non-targeted fish species (R. Nielsen, 2015, and references therein).

Fishery-independent data can sometimes also provide auxiliary information to
stock assessment models through egg and larvae surveys. In this case, the primary aim
is to shed insights on aspects such as the population size of spawning females, and
timing and location of spawning (Lo et al., 2016; R. Nielsen, 2015; N. R. C. NRC,
2000). Moreover, environmental data (e.g., sea surface/bottom temperature, salinity,
oxygen concentration, etc.) and data from other ecosystem components (e.g., stomach
content, maturity state and abundance of different species, etc.) are often additionally
collected, as a means to provide information on intra and inter-specific relationships
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and environmental effects on the stock abundance dynamics (ICES, 2019d; N. R. C.
NRC, 2000), thereby aligning with the needs of an ecosystem-approach to the fisheries
management. In this way, survey data are frequently, if not always, cross disciplinary.

In order to provide abundance estimates that reflects the true underlying abun-
dance, fisheries research surveys are usually designed to cover the full geographical extent
of a given stock at the same time each year (e.g., ICES, 2012, 2017; N. R. C. NRC,
2000; Rivoirard et al., 2008). Given that a number of different species are simultane-
ously sampled, surveys therefore tend to cover very large areas to include the spatial
distribution of all species that are in focus. Sampling stations are either fixed or set
at random within the stock areas each year, and the overall sampling protocol assures
that these are sampled by the same fishing gear and standardized sampling effort (e.g.,
Hilborn & Walters, 1992; R. Nielsen, 2015; Simmonds et al., 1991). Hence, due to their
statistically-sound sampling designs, they are commonly assumed to provide unbiased
abundance indices (e.g., Cochran, 1977; R. Nielsen, 2015; Petitgas, 2001; Rivoirard
et al., 2008), unlike the fishery-dependent data which will be discussed further below.

The downside of fishery-independent data, however, are their cost that ulti-
mately affects the amount of samplings (Hilborn & Walters, 1992; Pennino et al., 2016).
Because the operational and maintenance costs of the research vessels are so expensive,
samplings tends to be collected in the order of only few weeks per year (Dennis et al.,
2015), resulting in two main limitations. The first is in relation to the timing of the sam-
pling coverage (N. R. C. NRC, 2000; Pennino et al., 2016). Sampling over a very short
time period can fail to capture the inter-annual abundance and location of a species,
especially for the long-lived ones that undergo extensive migrations along the year. The
second limitation is in regards to the proportion of the population being sampled (Hilborn
& Walters, 1992; R. Nielsen, 2015). Sampling less also implies in sampling a smaller
proportion of the population, which in turn can lead to higher uncertainty towards the
less frequent age/size groups.

Fishery-dependent data

Fishery-dependent data refer to data gathered mainly from commercial fishing vessels
and, to some extent, recreational fisheries; hence, they are sometimes also referred to
as commercial fisheries data. From a management perspective, this type of data is
indispensable as it provides means to access the fishing mortality and other fishery-
related stressors (e.g., bycatch and discards), besides granting access on the various
aspects related to the fishing operations, fishermen behavior, and the abundance and
demography of the exploited stock (Hilborn & Walters, 1992; N. R. C. NRC, 2000;
Storr-Paulsen et al., 2012). The costs involved in the data collection are inevitably lower
once these data are a byproduct of the commercial activity (Dennis et al., 2015), where
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the bulk of the research costs is thus removed (essentially deployment and maintenance
costs of the research vessel). A direct consequence of the lower costs is the higher
sampling amount and the wider temporal coverage (R. Nielsen, 2015), which makes
them the backbone of most stock assessment models worldwide (Hilborn & Walters,
1992; Maunder & Punt, 2004).

Typically, fishery-dependent data provide information year round for which also
a larger bulk of the stock is collected (Jennings et al., 2013; R. Nielsen, 2015). How-
ever, the sampling is not representative of the full stock because (i) larger and better
quality individuals are mainly targeted due to their higher market value, and (ii) fishing
restrictions such as the Minimum Conservation Reference Size (MCRS) and mesh and/or
gear regulation restricts further the fishing to limited size/age groups. Information on
the relative abundance is usually derived from catch-and-effort (CPUE) data that are
supplied either by the fishers, such as logbooks and dealer reports, or by coordinated
sampling programs as, for example, port sampling and on-board observers (Hilborn &
Walters, 1992; N. R. C. NRC, 2000; Pennino, 2013). Other more recent data sources
that have been explored are the Vessel Monitoring Systems (VMS) and the Automatic
Identification System (AIS) (e.g. Shepperson et al., 2018), and the sea-packing data
(Plet-Hansen et al., 2018).

Unlike the fishery-independent data, a major impediment of commercial fisheries
data is that the catches usually cannot be assumed to be proportional to the underlying
abundance due to their sampling nature. In fact, because the sampling is commercially
driven, fishermen tend to select fishing grounds where they expect to find the highest
densities of the target species, thus highest economic return. This targeted sampling
leads to what is known as a preferential sampling (Diggle et al., 2010), and can cause
major bias sources in the abundance estimator if not properly addressed (Conn et al.,
2017; Pennino et al., 2018). I shall return to these particular aspects in the next section.
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In Denmark, several institutions are involved in collecting and analyzing
certain types of fisheries-related data, such as economic data, sales slips, bi-
ological and transversal data (Storr-Paulsen et al., 2012). The Danish fish-
eries data collection programme has been implemented in accordance with
the European Data Collection Framework (EU DCF; E.U., 2017) and con-
siders that all involved institutions gather the most important information
in a common database, the Danish Fisheries Analyses Database (DFAD;
Storr-Paulsen et al., 2012), which is quarterly and yearly updated. The
DFAD basically results from merging the sales slip (data on landed quan-
tities and prices per species and commercial size group), logbook (data
on catches and effort on the ICES statistical rectangle level; www.ices.dk)
and vessel register (data on fishing capacity by registered vessel) together,
and provides therefore the main information that are requested by research
projects. Depending on the research and management advisory objectives,
other types of data might be needed, such as those of the at-sea sampling
programmes to evaluate, for example e.g., discard trends (Feekings et al.,
2012; Pennino et al., 2014), or vessel monitoring systems (VMS) to eval-
uate, for instance, fishing impacts on benthic habitats (Bastardie et al.,
2010a; Eigaard et al., 2017; Rijnsdorp et al., 2020). This also includes data
from research survey programmes, such as the Baltic International Trawl
Surveys (BITS), the International Bottom Trawl Surveys (IBTS), and the
International Baltic Acoustic Surveys (IBAS), which are all coordinated in-
ternationally by several ICES working groups, whereby Denmark is member
of most of these groups (see the ICES DATRAS portal for some examples,
www.ices.dk/data/).

In the present thesis, I essentially explored data from the Danish at-
sea sampling program (fishery-dependent data) and the BITS (fishery-
independent data) throughout all three research manuscripts, and are there-
fore described in more details in each individual manuscript (see Chap-
ters 3, 4 and 5). VMS and logbook data were used indirectly in the last
manuscript (Chapter 5).

Box 2: Danish fisheries data collection framework

2.2 Can we conciliate Pauly and Hilborn?

The debate on the reliability of fishery-dependent data to infer trends in the abundance
of exploited fishery resources reached its apex in the mid 2000’s, when two high-ranked
papers claimed that the abundance of large predatory fish had declined by 90% since
the 1950’s (Myers & Worm, 2003), and that the global status of fish populations were
doomed to collapse by 2048 (Worm et al., 2006). While on the one side this series of
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claims were sharply criticized by Ray Hilborn (Hilborn, 2006), on the other side Daniel
Pauly was a major advocate and created even a new, catchy, term: Aquacalypse (Pauly,
2009).

The whole debate essentially boils down to the relationship between catch (i.e.,
CPUE) and abundance (Pauly et al., 2013) (Fig. 2.1). Monitoring the spatio-temporal
abundance trends of fish stocks requires an abundance index that reflects the underlying
abundance without any bias source or, at least, with a constant and known bias (Hilborn
& Walters, 1992; N. R. C. NRC, 2000; Quinn & Deriso, 1999). The simplest assumption,
therefore, is that catch C is directly proportional to abundance N , and can be described
as a linear function of effort E, such that

Ct,i = qNt,iEt,i (2.1)

where q is a constant catchability coefficient in time t for each observation i. Implicit to
this assumption is that the fishing effort must be randomly distributed over the stock
area (Hilborn & Walters, 1992; Maunder et al., 2020b).

The systematic and/or stratified sampling of fishery-independent data are, by
nature, designed to attend the proportionality principle, and are as such the most reliable
data source to infer trends in the stock abundances. However, this assumption is often,
if not always, violated by the fishery-dependent data as the fishing effort, hence catch-
ability, changes in space and time for reasons such as (i) changes in the management
measures (e.g., TAC limits and fishing closures), (ii) improvement of the fishing technol-
ogy and skipper behavior, (iii) changes in the fishing fleet composition, and ultimately
(iv) changes in the availability of the stock (e.g. Arreguın-Sánchez, 1996; Harley et al.,
2001; Marchal et al., 2006; Maunder & Punt, 2004; Maunder et al., 2006).

Figure 2.1: Relationship between catch-
per-unit-of-effort (CPUE) and abundance
for different β values.

The non-linearity between catch
and abundance can be better illus-
trated mathematically by incorporating
a power function into equation 2.1,
such that

Ct,i = qNt,iEt,
β
i (2.2)

Here, if β = 1, catch relates proportion-
ally to abundance and the model thus
simplifies to equation 2.1 (Fig. 2.1). In
turn, when β > 1, the overall indication
is that the catches are declining much
faster than the abundance, a situation
also known as hyperdepletion, whereby
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at first glance the stock seems to be depleted (Hilborn & Walters, 1992; Quinn & De-
riso, 1999) (Fig. 2.1). Opposite reasoning occurs when 0 < β < 1. This situation is
best known under hyperstability (Hilborn & Walters, 1992; Quinn & Deriso, 1999), and
occurs whenever the abundance is declining much faster than the catches, giving thereby
the false perspective that the stock is in good conditions whereas it is not (Fig. 2.1).

The latter situation results in much more drastic consequences to the fisheries,
and in fact a large portion of the major stock collapses have been blamed on this
particular problem (e.g. Erisman et al., 2011; Rose & Kulka, 1999; Walters & Maguire,
1996). This is also where Hilborn anchors his main critique in relation to the papers of
Myers and Worm (2003) and Worm et al. (2006), as both based their conclusions from
using solely fishery-dependent data which, as mentioned above, do often not reflect the
true abundance trend. In spite of this, a valid counterargument made by Pauly is that
for many fisheries this data source is often the only available information, and should
thereby not be disregarded (Pauly et al., 2013).

A focus of recent research has been the development of statistical models that
“standardize” the commercial catches by relaxing the constant catchability assumption
(Ciannelli et al., 2008; Maunder et al., 2020a). In this context, Generalized Linear Models
(GLMs), or non-linear versions of it such as Generalized Additive Models (GAMs), have
been typically used to filter out any factors that are thought to influence the catchability
(see Maunder & Punt, 2004, for a review). Although these approaches successfully
incorporate factors such as gear and vessel effects, they usually fail to address explicitly
the spatial and temporal component of the catchability (Conn, 2010). Very often, spatio-
temporal variability are incorporated by using the sampling location (e.g., longitude and
latitude) and time-period (e.g., year and months) as fixed-effects, whereby the estimated
temporal trend is used as a proxy of the abundance index. There are, however, two main
issues with this approach. First, it assumes that there is no interaction between space and
time, when in reality the spatial distribution and abundance of the stocks changes over
time (Ciannelli et al., 2008; Paradinas et al., 2017), and so does likely the supporting
fishery. Secondly, it assumes that the catches at nearby locations and time-periods
are independent from each other, when in practice most species display some spatial
and/or temporal heterogeneity among age or size groups, leading thereby to correlated
observations (e.g. Kai et al., 2017; Kristensen et al., 2014; R. Nielsen et al., 2014).

Even though it is widely acknowledged that identifying spatial patterns is a cen-
tral component to successfully achieve fisheries management objectives (Cadrin, 2020),
it is yet common practice in stock assessments to ignore the spatial structure of fish and
fisheries, and how these change over time (Maunder et al., 2020b). As pointed out in
a recent review by Punt et al. (2020), an essential feature to advance fisheries science
towards the “next-generation methods” is the development of models that explicitly in-
corporate the spatial structure to describe the fish and/or fishery dynamics. To these
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authors’ statement, I further add that knowing how these processes change over time is
as important and should, in fact, be analyzed simultaneously.

This is also where spatial statistics plays a major role to advance the next
generation methods. Rather than arguing over the benefits/drawbacks of one data source
versus the other, the present thesis seeks to conciliate Pauly and Hilborn by proposing
an advanced spatio-temporal statistical model that integrates both data sources to infer
abundance trends of targeted stocks, while simultaneously attending the data-specific
pitfalls. The rationale behind the model is that irrespective of data source, the underlying
latent process (hereby abundance field) is the same and can be therefore described
through a set of parameters that are ultimately shared between fishery-dependent and
fishery-independent observation processes. This model is fully described in Chapter 3,
from which alternative applications where further explored in Chapters 4 and 5. In
the next section, I briefly describe the most important aspects underlying the spatial
statistical theory in order to understand the major contributions of the present thesis.

2.3 Spatial statistics and fisheries science

The spatial distribution of individuals within a stock can be conceptually defined as either
random, uniform or aggregated (King, 2013). Nevertheless, given the inherent stochastic
nature of the surrounding environment, fishes are rarely distributed uniformly. They tend,
in fact, to aggregate in space as a result of environmental (e.g., water temperature),
biological (e.g., growth) and ecological (e.g., predation) processes (Jennings et al., 2013;
Pitcher, 2012). This typically leads to highly over-dispersed data, meaning that the data
is frequently characterized by a high proportion of zeros with some occasional large
catches. Moreover, as exposed in the previous section, fishery data are often spatially
correlated and can accordingly be described by Tobler’s first law of geography, which
states that “Everything is related to everything else, but near things are more related
than distant things” (Tobler, 1970).

The fact that most fishery resources exhibit spatial dependency implies that one
of the main assumptions within statistical inference is not hold, namely that the obser-
vations (e.g., abundance) are independent (Cressie, 1993). Ignoring such a fundamental
characteristic is likely to lead to biased estimates (Kristensen, 2009), and increase the
chance to commit a Type I error (Legendre et al., 2002). This is thus where the field of
spatial statistics effectively arises.

Broadly speaking, spatial statistics denotes a branch within statistics that is
primarily concerned with inferences on spatially correlated data (otherwise termed as
spatial explicit data). Despite the earliest theoretical works dates back to the 1950s
(Gelfand et al., 2010), it is only in the early 1990’s that this field became more applied
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through the landmark work by Cressie (1993). Ever since, spatial statistical methods have
experienced a steady growth among different research fields (e.g., geology, epidemiology
and ecology), mainly as a response to the increased computation power and availability
of spatially-explicit data. This is also true in fisheries science, where only in the late
1980’s works such as those of Conan (1985), Petitgas and Poulard (1985), Guillard et
al. (1990), and Petitgas (1993) started to highlight the potential of spatial statistical
techniques to estimate fish abundance. This was then also later recognized by ICES
during a series of workshops conducted in the early 1990’s (Rivoirard et al., 2008).

Spatial explicit data are typically defined by a stochastic process that is indexed
by space (s), and involves two key components (Gelfand et al., 2010): a domain D1

where the data are collected, and a vector Y(s) representing a vector of random quantity
measured at n locations s, {Y (s1), Y (s2), . . . , Y (sn)}, such that

{Y (s) : s ∈ D},D ⊆ <d (2.3)

where D is a d-dimensional Euclidean space. In the spatial context, d is usually set
to 2 (e.g., longitude and latitude) or 3 (e.g., longitude, latitude, and depth), whereas
a dimension of d=1 is often associated to a temporal process (e.g., year, months or
weeks). A realization (i.e., observation) of the spatial process is then denoted as

{y(s) : s ∈ D} (2.4)

The underlying spatial stochastic process is generally assumed as a Gaussian
Random Field (GRF; Rue, 2005), which essentially means that within a set of locations
s, the vector of observation Y(s) follows a multivariate Gaussian distribution with mean µ
and a spatially structured covariance matrix Σ. The latter term captures the correlation
strength among two consecutive observations by means of a covariance function C(·, ·),
whereby

Σi,j = Cov(y(si), y(sj)) = C(y(si), y(sj)) (2.5)

It is common to assume the covariance function as stationary and isotropic, for which
many different variations have been proposed (e.g., exponential, spherical, Matérn;
Banerjee et al., 2014; Gelfand et al., 2010). Stationarity means that the GRF has a
constant mean with a covariance function that depends only on the distance vector
between two locations. Isotropy means that the covariance function of the GRF only
depends on the Euclidean distance between two observations ‖ si − sj ‖. However,
these assumptions are not always applicable to all case studies. The spatial distribu-
tion of coastal fish species, for example, is often “interrupted” by physical barriers like

1This domain has many names, including spatial field and latent field; in a fisheries context,
this is termed as abundance field
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archipelagos and fjords. Similar reasoning applies to fish species that are largely depen-
dent on ocean currents and temperatures (e.g., tunas). Although this was not the case
in the present thesis, it is important to bear in mind that more appropriate functions
need to be applied whenever this occurs to avoid misleading results (see Bakka et al.,
2019, for an example).

The most relevant aspect about the GRF is that it is an explicit representation
of all spatial stochastic processes that might have an effect on the measured quantity.
This is thus a key aspect to conciliate Pauly and Hilborn, as the GRF allows absorbing
any abundance variation that could be due, for instance, to variability in catchability.
Accordingly, the GRF is a very important feature to standardize noisy catches.

Depending on how D and Y(s) are defined, i.e., fixed or random, and whether
D is continuous or discrete, we can classify the spatial-explicit data into three general
types: areal, point-referenced and point-pattern data (Banerjee et al., 2014; Cressie,
1993). Different spatial techniques have been developed to analyze each of these data
types, and the choice on which one to use depends mainly on the research question
under concern. However, it is not uncommon to see spatial statistical models sharing
features from at least two of the above mentioned data types. The model described in
Chapter 3 combines methodological approaches from all three data types, and I will
therefore highlight which aspects in each of them were considered when developing the
integrated model.

Point-referenced data

Better known under geostatistical data (Banerjee et al., 2014), this type of data consists
of a random variable Y(s) that is collected along a fixed set of locations s over a
continuous spatial field that is not directly observable, λ (Fig. 2.2). In other words, the
data Y(s) are assumed to be a partial realization of the random field. Hence, as defined
by Diggle and Ribeiro (2007), Y(s) can be thought as a noisy version of λ(s) where
Y(s) is conditionally independent given λ(·). As the name suggests, point-referenced
data are most often analyzed through geostatistical regression models, whose main goal
consists of reconstructing the spatial field through the collected data.

Ever since fisheries scientists recognized the importance of addressing spatial
dependency in their assessment models, geostatistical methods became a powerful tool
to estimate the abundance of stocks (Petitgas, 2001; Rivoirard et al., 2008). Outside
the assessment world, geostatistics has also been widely used for

• Identifying essential fish habitats (e.g., Colloca et al., 2009; Pennino et al., 2013;
Roos et al., 2015; Rufener et al., 2017)
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• Identifying discard and bycatch hotspots (e.g., Breivik et al., 2017; Cosandey-
Godin et al., 2015; Paradinas et al., 2017; Pennino et al., 2014; Rezende et al.,
2019)

• Predicting the distribution of invasive species (e.g., Filipe et al., 2017; Mota-
Ferreira & Beja, 2020)

• Evaluate the effect of climate change scenarios on the specie’s distribution (e.g.,
Agostini et al., 2008)

Figure 2.2: Illustrative example of geostatistical data in the western Baltic Sea,
where the size and color of the bubbles indicate the abundance of fish (observation
process, Y (s)). In this case, the abundance field D is fixed and kriging methods are
used to interpolate abundances at unsampled locations.

Despite the multitude of applications, one of the main bottlenecks of geostatis-
tical models is that the covariance matrix Σ is modeled directly as a function of distance
between two consecutive points (Banerjee et al., 2014; Cressie, 1993). Accordingly,
factorizing the dense n × n matrix is computationally very demanding, resulting in the
so-called “big n problem” given the dense matrix with a dimension O(n3) (Lindgren
et al., 2011). More recently, other methods have explored the properties of the inverse
covariance matrix, Σ−1 = Q, which is by nature sparse and thereby computation is
done at much lower cost given that the matrix is reduced to a dimension of O(n3/2).
To guarantee the sparseness property, the spatial dependence has to be expressed in
conditional terms (Rue, 2005). When dealing specifically with GRFs, the conditional
independence can be practically defined through the Markov properties, establishing as
such an explicit link between the GRFs and the so-called Gaussian Markov Random Fields
(GMRFs; Rue Held, 2005). In such cases, the spatial dependency is typically explored
through a function that conditions the observation at neighboring locations, also known
as an autoregressive (AR) model (Ver Hoef et al., 2018). This type of specification is
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most common when areal and point-pattern data are considered, and will be therefore
explored further in the following sections.

Areal data

Also known under lattice data (Banerjee et al., 2014), this type of data aggregates the
observation over a predefined spatial unit (polygon), as for example counties or other
regional boundaries. The domain D is thus discretized and assumed to be fixed, whereas
Y(s) is a random vector at location s ∈ D (Fig. 2.3).

Figure 2.3: Illustrative example of areal data in the western Baltic Sea, where the
fish abundances from Figure 2.2 were aggregated at the level of ICES rectangles. The
rectangles, in this case, are the spatial polygons (y(s)) and are used to reconstruct
the fixed abundance field D.

As for any other type of spatial data, areal data also assumes that nearby obser-
vations, in this case polygons, are more closely related that those farther apart. Unlike
geostatistical data, however, the spatial inference is conducted by translating the spatial
information into a neighborhood structure, relying therefore heavily on graphical mod-
els such as spatial autoregressive (SAR) and conditional autoregressive (CAR) models
(Besag, 1975; Besag & Kooperberg, 1995; Cressie, 1993; Ver Hoef et al., 2018). As a
practical example, let’s assume a 3× 3 matrix encoded by a neighborhood structure as
shown in Figure 2.4.

Here, each node is labelled with numbers and connects to other nodes through
horizontal and vertical lines. In a geostatistical set-up, pairwise correlation between
all observations would be encoded in a matrix (e.g., nodes 1-2, 1-3, 1-4, 1-5, etc. in
Figure 2.4). However, in an areal set-up, the correlation is calculated only for neighboring
observations, which typically consists of 4 or less whenever at the boundary of the spatial
domain (e.g. node 5 in Figure 2.4). This therefore implies that correlations between
unconnected neighbors (e.g., nodes 7-3 in Figure 2.4) will have a value of zero, conferring
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Figure 2.4: Example of a spatial ar-
rangement disposed on a 3 x 3 grid,
where each spatial unit is represented
by a circular node.

W =



0 1 0 1 0 0 0 0 0
1 0 1 0 1 0 0 0 0
0 1 0 0 0 1 0 0 0
1 0 0 0 1 0 1 0 0
0 1 0 1 0 1 0 1 0
0 0 1 0 1 0 0 0 1
0 0 0 1 0 0 0 1 0
0 0 0 0 1 0 1 0 1
0 0 0 0 0 1 0 1 0



Figure 2.5: Sparse matrix corre-
sponding to the example on the left,
where 1 indicates two neighboring
nodes and 0 otherwise.

as such the desirable property of a sparse matrix. For the above example, the resulting
matrix W would be as shown in Figure 2.5.

CAR models have many practical applications in ecological data (Ver Hoef et
al., 2018), whereby the term conditional refers to the conditioning of the GRF to the
values of the neighboring spatial units (nodes). This is also the class of model that was
used in the present thesis to describe the spatial dependency. In particular, the precision
matrix Q was specified as in Kristensen et al. (2014), where

Qij =


−q, if cell i neighbors cell j

q(mi + δ), if i=j

0, otherwise

(2.6)

In this case, mi represents the number of neighbors of node i, and q and δ are parameters
to be estimated by the model. For practicality, these parameters are converted into a
decorrelation parameter H and a variance parameter σ2, such that

σ2 = 1
M

tr(Q−1), H = h

log(1 + δ
2 +

√
δ + δ2/4

(2.7)

whereM is the number of grid cells, tr(Q−1) is the sum of all diagonal elements of Q−1,
σ2 is the average variance of the GRF, and h is the size of the grid cells.
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Point-process data

Point-process data assumes that the spatial field λ is itself random, and is also the main
driver behind the spatial pattern that is observed for the observations Y(s) (Fig. 2.6). In
this class of models, the primary interest is the spatial locations of the observations (the
points), i.e., their clustering pattern (Illian et al., 2008). The process that describes the
point locations is typically characterized by an intensity surface (in this case, λ), which
represents the density of points within a given area (Illian et al., 2008; Isaac et al., 2019).

Figure 2.6: Illustrative example of point-process data in the western Baltic Sea,
where the abundance field D in this case is assumed to be random (upper panel) and
is also the main driver behind the spatial point-pattern of the observations (lower
panel).

The observations are often supplemented with additional information (e.g., size,
age, abundance, etc.), becoming as such a marked point pattern (e.g., Fig. 2.6). Follow-
ing Kristensen (2009), it is practical to think fish as spatial marked points that change
over time. The additional advantage of this type of model is that, because the spatial
field is random, it consequently provides greater flexibility to absorb unexplained vari-
ability. This is especially valuable from a fisheries science perspective, as it provides
means to address aspects such as variability in catchability. This type of model was
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consequently chosen to form the basis for the fishery-dependent and -independent data
integration, and has indeed been providing untapped potential for data integration (see
Fletcher et al., 2019; Isaac et al., 2019; D. Miller et al., 2018; Pacifici et al., 2017;
Zipkin & Saunders, 2018, for further discussion)

A major drawback of these models, nevertheless, is that in this case the amount
of latent variables increases considerably, and hence the computation time. A convenient
solution to this is to represent the point process by a Cox process (Illian et al., 2013;
Møller & Waagepetersen, 2007), and more specifically by a log-Gaussian Cox Process
(LGCP), given that the log(λ) is itself a GRF (Møller et al., 1998). In such case, it is
usual to discretize the domain D into smaller spatial units (i.e., spatial grid) so that the
number of observations in each grid cell become independent from each other to follow
a Poisson process given the log(λ) (Kristensen, 2009). Because the observations can
be modelled separately from the GRF, the LGCP can be set in the context of general-
ized linear geostatsitical models (GLGMs; Diggle and Riberio, 2007; Kristensen, 2009),
rendering them applicable to a wide range of response variables, including data such as
biomass (e.g., Gamma or log-Normal distribution), abundance (e.g., Poisson or Negative
Binomial distribution), and presence/absence (Binomial distribution) data. In addition,
the spatial discretization of the spatial field makes the LGCP model sharing features from
areal models as the spatial autocorrelation is described through a neighboring structure,
thus decreasing considerably the computation time.

All in one: the LGNB model
All the above models are set in a pure spatial context. An additional level of complexity
is to include a temporal dimension to capture the spatial dynamics over time. This is,
again, a very important aspect to consider when dealing with fisheries data, as they
are highly dynamic in both dimensions. In this case, equation 2.5 can be extended by
indexing the time dimension to the observation, such that

Y(s, t) ≡ {y(s, t), y(s, t) ∈ D ∈ <2 ×<} (2.8)

with s ∈ <2 and t ∈ <. The space-time process is then conventionally assumed as a
stationary GRF whose mean and covariance can be defined as

Cov(y(si, t1), y(sj, t2)) = C(si − sj, t1 − t2) (2.9)

The spatio-temporal covariance function will, in this case, only depend on the locations
and time points through the spatial Euclidean distance h = (si − sj) ∈ <2 and the
temporal lag l = (t1 − t2) ∈ < , and can therefore be treated as a separable random
field process whose variance is decomposed into a spatial covariance matrix, Σs, and a
temporal covariance matrix, Σt.
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Chapter 3 therefore proposes to integrate fishery-dependent and –independent
data by using a point-process model that changes over time, and thereby reconstruct
the spatial abundance field of fishery resources. Specifically, the spatial and temporal
dependencies were both modelled as an autoregressive process (CAR model for spatial
dependency and AR1 model for temporal dependency). This model is very similar to
the LGCP model proposed by Kristensen et al. (2014), except that in the current con-
text no correlation was used to describe the growth rates among individuals, and that
a negative binomial distribution was used to model the observations rather a passion
distribution; hence, the term LGNB model (log-Gaussian Negative Binomial process).
The main difference, nevertheless, relies in the description of the observation process.
Whereas in Kristensen et al. (2014) the observation process is informed solely by fishery-
independent data, in the LGNB model the observation can be described either by the
fishery-independent data alone or include the likelihood contribution from the fishery-
dependent data. Overall, the LGNB model is a hierarchical model that can be described
by three stages:

• Observation process: Y|β, λ ∼ NB(Xβ + Hλ)

• Latent process: λ|θ∼ N(0,Q−1(θ))

• Hyperparameters: {β, θ}

where X is a design matrix of covariates and β the associated parameter vector to
auxiliate the description of the observation process, H is an indicator matrix that relates
the observations Y to the latent process λ, and θ is a vector of the parameters that
describe the spatio-temporal correlation parameters in the spatial latent field.

Both observation and latent processes allows to include a set of covaraites that
are though to influence either the catches (observation process) and/or the abundance
field (latent process) (see Chapter 3 for more details). At a broader perspective, this
set of features makes the LGNB model eligible as a Species Distribution Model (SDM;
Elith & Leathwick, 2009; Franklin, 2010; Guisan & Thuiller, 2005), and can as such
be embedded within the Ecosystem Approach to Fisheries Management (EAFM; see
Fig. 1.2) given that covariates can be used to auxiliate the description of the abundance
dynamics of a single stock.
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2.4 Scaling-up the LGNB model to the
Ecosystem Based Fisheries Management
framework

As mentioned in Chapter 1, another important aspect that needs to be considered
when managing fisheries is the human dimension, and more specifically the perception
and reaction of the fishers in relation to, for example, the establishment of new regulation
tools or changes in the spatial distribution of the fishery resource. Managing fisheries
at this level is also known under the Ecosystem Based Fisheries Management approach
(EBFM; see Fig. 1.2).

Historically, fishermen have always displayed a highly flexible and adaptive be-
havior as a response to factors such as weather conditions, market price of the fish, and
access to the fishery resource (see Branch et al., 2006; Hilborn, 2006; Valcic, 2009, for
a full discussion). Under these conditions, fisher’s typically change their fishing tactics
by increasing either their fishing effort on the same target species, or by allocating the
effort towards other fishing grounds and/or target species (e.g., Branch et al., 2006;
Christensen & Raakjær, 2006; Hilborn & Walters, 1992; Salas & Gaertner, 2004). Sev-
eral authors report, for instance, that the establishment of fishing closures often results
in fishermen reallocating their fishing effort towards other fishing grounds, where they
target either the same or other species as a means to minimize the profit loss (e.g.,
Bastardie et al., 2017a; Bastardie et al., 2015; Dinmore et al., 2003; Miethe et al., 2014;
Rijnsdorp et al., 2001).

Incorporating the fishermen behavior, hence fishery dynamics, is therefore crucial
to achieve effective management solutions (Hilborn, 2007; Van Putten et al., 2012).
Within this context, Management Strategy Evaluation (MSE) tools that are specifically
designed to evaluate the fisheries socio-economic and ecological demands have been of
substantial assistance to the EBFM framework (Bunnefeld et al., 2011; Holland, 2010;
R. Nielsen et al., 2018). It is also in the MSE context that the LGNB model can find a
fertile ground for integration and further improvements.

What are Management Strategy Evaluation tools?

MSE tools are typically characterized by a set of interlinked models that aims to mimic
various aspects of the (fisheries) management cycle (Bunnefeld et al., 2011). The key
components are a model that describe (i) the "true" dynamics of the fishery resource
(hence, the keystone for the LGNB model integration), and (ii) another that defines the
harvesting dynamics. These models are subsequently linked to harvesting control rules
(HCR) that dictates a particular management action as, for example, Total Allowable
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Catches (TACs), gear/mesh restrictions and spatial/seasonal fishing closures (Sainsbury
et al., 2000). A cornerstone of MSE frameworks are the decision rules, which allows to
incorporate dynamically the fishermen decision-making process based on their perception
to the management action under concern (Holland, 2010). In this way, MSE tools pro-
vide critical lenses to compare alternative harvesting strategies under the multifacteted
management objectives. Accordingly, they represent a valuable tool to evaluate and
balance the multiple trade-offs that generally arises within an EBFM, and consequently
provides means to identify the best outcomes for a successful management implementa-
tion (Sainsbury et al., 2000; Punt et al., 2001; Holland, 2010).

Figure 2.7: Conceptual overview of a typical MSE framework. This comprises
an observation model that uses data from fishery monitoring programs (e.g., abun-
dance, biomass), a management model that sets the harvest control rules (HCR), a
harvester operating model that incorporates the individual decision-making of the
harvester (not an obligatory process in the MSE), and a resource operating model
that aims to mimic the "true" dynamics of the fishery resource. Figure adapted from
Bunnefeld et al. (2011)

DISPLACE: a spatial explicit bio-economic MSE
The DISPLACE model is an MSE framework that was primarily developed to support
fisheries-related management issues within the EBFM and the larger scope of marine
spatial planning (MSP) (Bastardie et al., 2014; https://displace-project.org/). In a
nutshell, DISPLACE evaluates the interlinked effects that alternative HCRs have on the
biological (e.g., spawning stock biomass), behavioral (e.g., fishing effort displacement),
and economic (e.g., revenue from fishing) components, where the underlying model is
an agent-based model that simulates individual fishing vessels as a function of resource
availability and individual fishing agent incentives. Once conditioning the model on the
most recent available fisheries-related data collected by existing monitoring programs,
DISPLACE can test various management actions, shedding thereby valuable insights
into the performance and robustness of the management strategy under concern (e.g.
Bastardie et al. 2015; 2017a,b; 2020).
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Linking the LGNB to DISPLACE

A central aspect of DISPLACE is the harvest function, which basically aims to mimic the
vessel-specific stock harvest. This means that any variation in the abundance of the mod-
elled fishery resources will be iteratively perceived by the fishing agents, each of which
will then undergo a set of decision trees that ultimately will dictate their fishing behavior
(Bastardie et al., 2014). Within the harvest function, a size-specific availability term
is specified (refer to Chapter 5 for more details). This availability term serves to link

Figure 2.8: Illustration of the
two-step LGNB-DISPLACE cou-
pling, where currently only the
partial coupling has been imple-
mented.

the size-specific abundances of the fishery re-
sources to the vessel-specific catch rates. By de-
fault, the resource availability is solely informed
by fishery-independent data sources (i.e., ICES
IBTS and BITS research surveys), where for
each quarter, stock, and size-group therein, the
fishery-independent abundances are interpolated
by means of the inverse distance weighted (IDW)
method (Bastardie et al., 2014, 2020). This is
what DISPACE currently interprets as the abun-
dance field, and this is also where I anchored the
LGNB model.

There are essentially two ways to link the
LGNB model to DISPLACE: (i) a partial linkage,
(ii) and a full-feedback (cyclic) dynamic coupling
(Fig. 2.8). In the partial coupling, outcomes of

the LGNB are used to update the abundance availability term within DISPLACE. The
outcomes, in this case, are typically the abundance fields and the spatio-temporal corre-
lation parameters, where the abundance fields alone can be used to inform DISPLACE
until the most recent data available, and the spatio-temporal correlation parameters can
be used to reconstruct the abundance fields for a future time step. More details on the
partial coupling can be found in Chapter 5. The full-feedback coupling, in turn, relies
on the idea that the information from the fishery-depleted abundance fields can be used
as an input into the LGNB model, and with the addition of updated data sources, these
abundance fields can then be iteratively updated. This type of coupling has not been
explored in the current thesis, as it will require to substitute the harvest function to
accommodate more properly aspects such as fishing mortality; hence, it requires major
modifications in the internal coding aspects of DISPLACE and which were out of the
scope of the current thesis.
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Abstract

The monitoring and assessment of natural resources often require in-
puts from multiple data sources. This is also true in fisheries science, where
the inference of a species’ abundance distribution relies on two main datasets,
namely: commercial fisheries and scientific survey data. Despite efforts to
combine these data into an integrated statistical model, their coupling is of-
ten hampered due to the difference in their sampling designs, which imposes
distinct bias sources in the estimator of the species abundance distribution.
We advanced this issue by proposing a flexible species distribution model
that can integrate both datasets while filtering out their relative bias contri-
butions. To demonstrate the broad applicability of this approach, we applied
the model on three different age groups of the western Baltic cod stock. For
each age group, we tested the model on (i) survey data and (ii) integrated data
(survey + commercial) as a mean to compare their differences and evaluate
to which extent the commercial fisheries data improved the spatiotemporal
abundance estimates and predictions. Across all considered age groups, our
results demonstrated that the integrated model can borrow information from
both data sources. The spatiotemporal abundance predictions revealed that
additional abundance hotspots could be retrieved from the commercial fish-
eries data. Besides, the integrated model showed that the commercial fisheries
data could fill the temporal gaps of the survey data reliably, and thereby re-
construct the time-series. Depending on the considered age group, our results
also indicated that the integrated model could provide a reduction of up to
40% in the uncertainty of the abundance field. The proposed model represents
thus a valuable benchmark for evaluating the spatiotemporal dynamics of fish,
and can be used to support stock assessments and ecosystem end-to-end and
fisheries bio-economic models. As such, it strengthens the science-based ad-
vice that is delivered to marine policymakers, and offers a transparent and
flexible environment.

Keywords Fishery-dependent data, Fishery-independent data, Hierarchical
model, Integrated analysis, Species Distribution Model (SDM), Template model
builder (TMB).
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3.1 Introduction

Understanding the patterns and processes that govern species spatiotemporal dynam-
ics is a tenet concern in ecology (Fletcher et al., 2019). Such information is used not
only for assisting the conservation and management of threatened species, but also to
keep track of biodiversity patterns and to evaluate the impacts of density-dependent
and density-independent factors on the abundance and the distribution (Franklin, 2010).
Ecological processes, such as the abundance distribution, are often inferred from empir-
ical data, and their full comprehension relies on the assumption that the collected data
are an unbiased representation of the process under consideration. Although scientifi-
cally grounded survey data are assumed to satisfy this requirement, the high costs that
are associated with the time-consuming sampling leads researchers to use opportunistic
data sources that are neither systematic nor randomly stratified, but are cheaper, easily
accessible and usually more abundant (Isaac et al., 2019).

The monitoring of birds and insects, for example, relies frequently on citizen
science programmes that collect data in areas either with facilitated access or where the
species of interest is more likely to be found (Pagel et al., 2014; Sauer & Link, 2011).
Likewise, the monitoring of marine mammals depends often on commercial nautical
operators’ data, such as those from the whale-watching recreational vessels (New et al.,
2015). The monitoring of commercially valuable fish species is no exception, where
data from commercial fisheries (fishery-dependent data) are commonly used, especially
in the lack of scientific research survey data (fishery-independent data). The advantages
and risks of using these databases differ and can be generally discussed in terms of
their quantity, quality and costs. Here, we will address these differences from a fisheries
perspective, although the following discussed aspects are also concurrent to many other
ecological systems (refer to Fletcher et al., 2019; Isaac et al., 2019; D. Miller et al.,
2018, and references therein for a broader overview).

Fisheries research survey data, for example, have the main objective of sup-
porting population (stock) assessment methods, and are a preferred choice among re-
searchers. They are typically collected by management advisory agencies and asso-
ciated fisheries research institutes that follow strict protocols to ensure a systematic
and/or stratified random sampling design (R. Nielsen, 2015; Pennino et al., 2016). This
mainly involves the deployment of the same vessel with the same fishing gear over sev-
eral decades (hence, constant catchability) and a standardized sampling effort (e.g.,
haul duration; Fig. 3.1). As such, they are generally assumed to provide more pre-
cise and unbiased abundance indices than the commercial fisheries data. Yet, due to
their costly nature, samplings are collected in the order of only few weeks per year,
thereby resulting in a reduced number of samples that imposes two additional restric-
tions: (i) limited temporal coverage of the species and (ii) reduced information on
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the population demographics, such as size and age. While the first can lead to fail-
ure to capture the seasonal cycle of a species and its location (Hilborn & Walters,
1992), the second can lead to higher uncertainty regarding the less-frequent size/age
groups since a much lower proportion of the population is sampled (R. Nielsen, 2015).

Figure 3.1: Example from the Danish cod commercial trawl fisheries and survey
data in the western Baltic Sea to illustrate the main differences between both data
sources. Panel (a) contrasts the spatial distribution of the sampling stations of each
data, with numbers indicating the ICES subdivisions. Panels (b) and (c) highlights
the difference in fishing catchability (catches standardized to the haul duration) and
fishing effort, respectively. Acronyms in panel B stands for the different métiers (A
= OTB_DEF_>=105_1_110; B = OTB_DEF_>=105_1_120; C=TVS). Note
that métier, which is the formal sampling method adopted in EU for the commercial
fisheries (E.C., 2017), essentially reflects a group of fishing operations targeting
similar species with similar gears during the same time period and/or fishing ground.

In contrast, commercial fishery data provide information all year around for which
a larger proportion of the stock is sampled (but not necessarily the full stock), and form
thus the backbone of most stock assessment models (Hilborn & Walters, 1992). The
abundance information is derived from catch-and-effort (CPUE) data that are supplied
either by the fishers (e.g., logbooks and sales slips) or by on-board observer and port
sampling programmes. However, unlike the survey data, CPUE cannot be assumed to be
proportional to the actual abundance since the sampling is commercially driven (Walters
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& Maguire, 1996). Such a poor relationship is likely the result of skippers deliberately
choosing fishing grounds that maximize the catch of the targeted species and size groups.
In such cases, the “sampling locations” are likely to aggregate in high-density areas where
only a small proportion of the stock and only some life stages may be present (Fig. 3.1).
Moreover, due to fishing restrictions like the Minimum Conservation Reference Size
(MCRS) and mesh-size regulations, only limited size/age groups are sampled.

Regardless of their differences, it is evident that these two data sources provide
complementary information that could not only improve our understanding of a species’
dynamics but also substantially benefit management and conservation advice. Indeed,
a focus of recent research in fisheries science has been the development of statistical
models that integrate various data sources while providing abundances that mirror the
spatiotemporal dynamics of a given species (e.g., Bourdaud et al., 2017; Conn, 2010;
Grüss & Thorson, 2019; Ono et al., 2017; Pennino et al., 2016; Pinto et al., 2018;
Thorson, 2019; Zhu et al., 2018). Despite the valuable efforts that have been made
so far, the integration of various data sources has proven to be a substantial challenge
since they are driven by different objectives and sampling designs that, in turn, provide
different levels of bias in the estimator of the species abundance distribution.

To this end, we aim at advancing this research by proposing a flexible spatiotem-
poral species distribution model (SDM, Franklin, 2010) that can integrate commercial
fisheries and research survey data while filtering out the data-specific dependencies, and
thereby providing robust abundance estimations in both space and time dimensions. We
specifically identified and addressed four main differences between these data, namely:
sampling effort, sampling catchability, spatiotemporal sampling coverage and the spatial
extent of the sampling unit. We hypothesize that (i) the integrated model (survey +
commercial data) will improve the abundance estimation and prediction compared to its
application to survey data only; and (ii) that the commercial fisheries data will reliably
fill the spatiotemporal gaps from the research survey data. To evaluate its broad appli-
cability, we tested the model on different age groups of the Atlantic cod (Gadus morhua)
stock that is targeted by the Danish trawl fisheries in the western Baltic Sea.
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3.2 Materials & Methods

Species distribution models typically infer a species’ geographical distribution from ob-
served data and a set of explanatory variables (Franklin, 2010). This usually involves
the modelling of two distinct components, namely: (i) the unobserved process (latent
variables) that underlies and explains the distribution dynamics (latent process) and (ii)
the data generating process that arises from the latent process (observation process).
Hierarchical models, also known as mixed-effect models or state-space models, are nat-
ural candidates for modelling both the latent and observation processes (Aeberhard et
al., 2018; Isaac et al., 2019). These models assume that the observed data are con-
ditionally independent given the latent states (Fig. 3.2), thereby providing a wealth of
flexibilities for accommodating both types of processes. Moreover, in accordance with
Isaac et al. (2019), if the same latent variables describe different observation processes,
hierarchical models become especially suitable in the context of data integration. Thus,
we will integrate commercial fisheries and research survey data under the premise that
the underlying latent process is the same between the two datasets and, hence, is shared.

Figure 3.2: Schematic illustration of the conditional independence, where the
dashed circle represents the latent states (hereby denoted as η; with η = log(λ)),
and the gray boxes the data-specific observations processes. The herein proposed
integrated SDM (research survey + commercial fishery data) states that the two
data sources are conditionally independent given the latent field . By removing each
data source separately, it follows that the model must still hold for the remaining
data source.
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In the following sections, we will outline the step-by-step construction of the
generic model, with all assumptions therein. We will start by describing the latent
process, followed by the observation processes that underlie the research survey data
and the commercial fisheries data. Then, we describe the data integration process, how
the two data sources can be compared, and how the model is estimated and validated.
Finally, we end the Methods section by commenting on the selected case study to which
we tested the model.

Latent process

The latent process λ defines a species’ expected numbers as a function of space (s) and
time (t) coordinates and can be modelled as a combination of fixed and random effects:

λ(s, t) = exp
(

K∑
k=1

βkXk(s, t) + ξ(s, t)
)

(3.1)

where Xk(s, t), k = 1, ..., K are a set of explanatory variables with corresponding fixed
effect parameters βk, and ξ(s, t) represents a spatiotemporal structured random effect.
At this stage of the model, Xk are explanatory variables that might influence the un-
derlying latent field. This could, for example, be abiotic (e.g., bathymetry) or biotic
(e.g., predation) factors. However, for the sake of simplicity, here we only consider the
time-period on a year-quarter basis as an explanatory variable (see further below) in
order to capture both intra- and inter-annual abundance dynamics. Other biotic/abiotic
effects were left for future research.

To describe the correlation structure in the spatiotemporal dependency term,
ξ(s, t), we assumed that the space-time field would arise from a Gaussian random field
process (GRF). When evaluated at a finite set of locations, the GRF reduces to a mul-
tivariate normal distribution with zero mean and covariance matrix Σ

(ξ(si, ti)) ∼ MVN (0,Σ) (3.2)

where we regarded Σ as a separable random field process. The variance can be thus
decomposed into a spatial covariance matrix, ΣS = (sij) ∈ Rn×n, and a temporal
covariance matrix, ΣT, such that:

Σ = ΣS ⊗ΣT =


s11ΣT · · · s1nΣT

... . . . ...
sn1ΣT · · · snnΣT

 (3.3)

where ⊗ denotes the Kronecker product between the two matrices.
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For ΣT, we used a first-order autoregressive process (AR1), in which the covari-
ance depends on an exponential decay function that is expressed in terms of the absolute
difference between time points |t1 − t2| and the temporal lag-one correlation ρ:

ΣT (t1, t2) = ρ|t1−t2| (3.4)

We chose a year-quarter time resolution (Y-Q1, Y-Q2, Y-Q3 and Y-Q4) to express
the temporal correlation, as most fisheries operate in this time window. This means,
for example, that the time points 2014-Q4 and 2015-Q2 would have a correlation ρ2

because they are separated by two quarters.
The spatial covariance matrix ΣS, in contrast, was expressed according to Kris-

tensen et al. (2014), which requires the discretization of the study area into a regular
grid (hereby on a 5x5 km resolution; see Fig. 3.A.1). The precision matrix Q (inverse of
the covariance matrix) in this case is modelled via a first-order conditional autoregressive
(CAR) process, which is neither stationary nor isotropic, but accounts for the complex
geometry of the spatial area and is computationally more efficient due to the sparseness
of the matrix.

Observation process

Conditional on the latent field λ, we define the observation process, hereby the catch
Y in numbers, through a probability distribution. As this type of data tends to be
overdispersed (Lindén & Mäntyniemi, 2011), we used a negative binomial distribution
to describe the observations, in which the variance is expressed as a function of the
overdispersion parameter φ. This constitutes therefore a log-Gaussian negative binomial
point process model, hereafter referred to as the LGNB-SDM.

Since the catch process of each data source is affected by different factors (e.g.,
catchability; R. Nielsen, 2015), it is reasonable to assume that the mean catch µ should
also differ between the data. As such, we must explicitly distinguish how the data-specific
mean catches are linked to the latent field prior to the data integration process. For the
remainder of this treatment, we will henceforth distinguish the catch by a data-specific
subscript, such that YSUR and YCOM refer to the research survey and commercial fishery
catch processes, respectively. We shall describe in more detail the observation processes
of both data below, and refer to Table 3.1 for a summary of all parameters, data, and
indices described along with the model construction.

Research survey data

Research survey data rely on the premise that the catchabilities remain constant through-
out the space-time dimension. This is an important assumption, as the catches can be
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assumed to be proportional to the underlying latent field. Additionally, provided that
the spatial extension of the survey observations is relatively small compared to those of
the commercial fisheries data (Fig. 3.A.2), the survey data can be regarded as a single
point in space. In this case, for each observation i (hereby fishing haul), we can link
the expected catches µSUR

i := E (YSUR(si, ti)|λ) to the latent abundance field λ(s, t) by
adding catchability and effort effects to equation 3.1. Recall that equation 3.1 already
includes the time period to capture both intra and inter-annual catch variability:

log
(
µSUR
i

)
= log (λ(si, ti)) +

KSUR∑
k=1

βSUR
k XSUR

k,i + γi (3.5)

where γ is an offset term for adjusting the catches according to the sampling effort (in
our case the logarithm of the haul duration in minutes).The KSUR explanatory variables
XSUR
i,k are indicators (0/1-variables) of the research vessels (see case study application

section), with the corresponding parameters βSUR
k referred to as catchability effects of

the research survey. The variance V (YSUR (si, ti) |λ) is then calculated as a function of
the mean µSUR and the overdispersion parameter φSUR, such that:

V (YSUR (si, ti) |λ) = µSUR
i +

(
µSUR
i

)2

φSUR
(3.6)

Commercial fishery data

Describing the observation process of the commercial trawl fishery data requires at
least two additional considerations: (i) accounting for the much more heterogeneous
composition of vessels and fishing gears (ii) dealing with the large spatial extent of the
hauls. Indeed, one of the main hurdles in the use of the commercial fishery data is
that the composition and effort of vessels within a fleet may change in time and space;
hence, proportionality between the total fleet catches and underlying stock size cannot
be assumed (Conn, 2010). This is often sidestepped by including the fishing vessel as an
unstructured random effect in the catch process (Thorson & Ward, 2014), an approach
we also adopted in the present study.

We start by linking the expected commercial catch E (YCOM (si, ti) |λ) to the
latent field as if it had been point referenced. The equation formulation is similar to the
research survey data except that the offset term is omitted (explanation follows below):

log
(
µCOM
i

)
= log (λ(si, ti)) +

KCOM∑
k=1

βCOM
k XCOM

k,i (3.7)

As for the research survey observations, the added explanatory variables are vessel indica-
tors and gear (métier) indicators; hence, the corresponding parameters are the vessel and
gear effects. Our data has two such gear groups (see case study application section), and
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which we consider as fixed effects. All other variation among vessels is considered ran-
dom, i.e. a N(0, σ2

vessel) distribution, with unknown variance parameter that is assigned
to the more than 80 commercial vessel effects (see case study application section).

Another aspect that should be accounted for is the spatial extent of the commer-
cial fishery hauls. Unlike the research survey data, the trawled distance of the commercial
fishery hauls can reach extensions of up to 60 km, thereby behaving rather like a line
transect (Fig. 3.A.2). The haul extent is, however, a largely ignored characteristic and
researchers often assume the commercial fishery data as a point-referenced representa-
tion, where the catches are allocated to the centroid of the trawled path. For obvious
reasons, this might lead to less precise estimations of the underlying spatial field (Paradi-
nas, 2016). First, because it is not actually known where the main bulk of catches indeed
occurred during the trawl operation. They can either occur entirely in the beginning/end
of the haul, or along the full trawled haul. Hence, allocating them to the centroid of a
haul might underestimate the abundance in adjacent regions. Secondly, a line transect
such as the trawled hauls is likely to catch fish at different habitats (e.g., different type
of substratum and depths), whereas allocating the catch to the centroid of a haul could
fail to capture such small-scale differences.

To this end, we ensured that the integrated model accounts for these differ-
ences, i.e., research survey and commercial fishery data assuming a point-referenced and
line-referenced behavior, respectively. In particular, for the commercial fishery data we
discretized each haul transect j into smaller units of fixed length (herein 1 km), such
that the expected catch and its variance is calculated as:

E
(
Y COM
j |λ

)
=
∑
i∈Ij

µCOM
i (3.8)

V
(
Y COM
j |λ

)
=
∑
i∈Ij

µCOM
i +

(∑
i∈Ij

µCOM
i

)2

φCOM
(3.9)

This way we account for all possible configurations of the latent abundance along the
transect that could explain the observed catch. We further note that an offset term was
omitted from Equation 3.7 since the variations in effort are now explicitly accounted for
by the haul discretization.
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Table 3.1: Summary of the parameters used to describe the latent and observation
processes of the LGNB model.

Symbol Description

K
Number of explanatory variables of the latent abundance field
(number of Year-Quarters for which we have data)

KSUR
Number of explanatory variables of survey catchability (number of
survey gears)

KCOM
Number of explanatory variables of commercial catchability (num-
ber of vessels + number of métiers)

γ Logarithm of the sampling effort (Survey data only)
YSUR Survey catch in numbers
YCOM Commercial catch in numbers
βk Effect of the kth covariate in the latent process
βSUR
k Effect of the kth survey catchability covariate
βCOM
k Effect of the kth commercial catchability covariate
φSUR Negative binomial overdispersion parameter for survey observations

φCOM
Negative binomial overdispersion parameter for commercial obser-
vations

κ Random field scale parameter (see Kristensen et al. 2014)

δ
Random field parameter controlling the degree of spatial correlation
(see Kristensen et al. 2014)

ρ Random field lag-one temporal correlation
σ2

vessel Variance of the vessel random effect

θ
Vector of shared parameters ρ, δ, β etc. from the latent process.
Only includes Year-Quarter effects for which survey observations
are available.

θSUR

Vector of survey data parameters φSUR, βSUR etc. from the survey
observation process. Only numgears−1 paramters included because
one is used as reference.

θCOM

Vector of commercial fisheries data parameters φCOM, βCOM etc.
from the survey observation process. Includes remaining Year-
Quarter effects i.e., those for which only commercial observations
are available. Here nummétiers − 1 parameters are used

s Spatial location (given by longitude and latitude)
t Time-period (given on a year-quarter basis)
i Survey observation index (point referenced fishing haul)
j Commercial observation index (segment referenced fishing haul)
λ Intensity of abundance

Integrating commercial fishery and research survey data

Having presented the individual process models, we can now set up the corresponding
likelihood functions. The likelihood function based on research survey observations alone
has the form
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LSUR (θ,θSUR) =
∫
LSUR (θSUR|λ)Pθ(λ)dλ (3.10)

where Pθ(λ) denotes the distribution of the latent field specified in the latent process
section and LSUR (θSUR|λ) is the likelihood function of the research survey data given
the latent field as specified in the survey observation process section.

To integrate the two data sources, we assumed that the spatiotemporal random-
effect parameters that describe the latent field are shared between the two data sources.
We can then express the joint likelihood of both data sources as:

LBOTH (θ,θSUR,θCOM) =
∫
LCOM(θCOM|λ)LSUR (θSUR|λ)Pθ(λ)dλ (3.11)

where LCOM (θCOM|λ) is the likelihood function of the commercial fishery data given
the latent field as specified in the commercial observation process section. We refer
to θ and λ as the shared parameters and random effects. The parameters specific for
the commercial fishery data θCOM are catchability parameters and notably Year-Quarter
effects for which only commercial fishery data are available.

Likelihood based comparision of data sources

It is crucial to check that the added information from the commercial fishery data is
not in direct contradiction with the research survey data. In other words, suppose we
start by fitting the model based on surveys alone using the marginal likelihood (Eqn.
3.10) we must check that estimates of shared parameters θ and random effects λ do
not change significantly when re-fitting the model based on the integrated marginal
likelihood function (Eqn. 3.11).

Standard methods such as AIC, or likelihood ratio tests, do not apply because
the two likelihood functions are based on different data. Instead we propose to check that
parameter- and random effect estimates obtained using both data sources are within the
confidence regions obtained using the survey data alone. Such tests can be calculated
directly from the likelihood functions without explicitly constructing high dimensional
confidence regions. For the parameters the procedure is as follows:

1a Fit the survey model using equation 3.10 and denote the estimates θ̂
(1) and θ̂

(1)
SUR.

2a Fit the integrated model using equation 3.11 and denote the estimates θ̂
(2), θ̂

(2)
SUR

and θ̂
(2)
COM.

3a Check that the second estimates are within the multivariate confidence region
based on the first estimates by reporting the p-value P (X ≥ x) of the statistic

x = 2
(

logLSUR

(
θ̂

(1)
, θ̂

(1)
SUR

)
− logLSUR

(
θ̂

(2)
, θ̂

(2)
SUR

))
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where X ∼ χ2(df) and df = dim(θ) + dim(θSUR).

A value of p greater than 0.05 implies that the parameters of the integrated model are
within the 95% confidence region of the survey based model. A similar approach can
then be used to check the consistency of the random effects:

1b Using the parameter estimates from (1a) obtain the most probable random effects
λ̂

(1) by maximizing the integrand of equation 3.10.

2b Using the parameter estimates from (2a) obtain the most probable random effects
λ̂

(2) by maximizing the integrand of equation 3.11.

3b Using the logarithm of the integrand of equation 3.10 report the p-value of λ̂
(2)

being inside the confidence region of λ̂
(1) using a χ2-distribution with dim(λ)

degrees of freedom.

A contradiction between the two data sources occurs if either of the two tests are
rejected. In this situation, a natural next step would be to look for misspecification of
the commercial likelihood contribution.

Model estimation and validation

We conducted all parameter estimation through the Template Model Builder (TMB,
Kristensen et al., 2016 that is interfaced with the R programming platform (R Core
Team, 2019). Within TMB, fixed effects are estimated by maximizing the marginal
likelihood, whereas random effects are integrated out and estimated through the Laplace
approximation. We confirmed that the model had converged by verifying that the Hessian
matrix was positive-definite, and by ensuring that the gradient component of the marginal
likelihood was < 0.001.

The correctness of the estimation method was checked using a simulation study
by using the checkConsistency function from the TMB R-package. Briefly, this function
checks whether the Laplace approximation is suitable for the estimation of the model
parameters. In addition, it double-checks, by simulation, that likelihood functions of ran-
dom effects and data have been correctly implemented. We conducted 500 simulations
and considered the estimation method reliable whenever the relative bias (bias(θ̂)/θ)
was small (< 0.05) for all parameters.

To validate the LGNB model’s performance on real data, we used two different
approaches. In the first, we sought for consistency in the fixed and random effect
parameters between the two data sources, as described in the previous section. In
the second, we assessed the goodness-of-fit by inspecting model residuals for normality
both visually (QQ-plot) and quantitatively (Kolmogorov-Smirnov test). In hierarchical
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models such as ours, computing residuals is not a trivial task due to the random effect
parameters. We therefore used the simulation-based residuals as proposed by Thygesen
et al. (2017). These residuals are based on a sample from the posterior distribution
of the latent variables given the data and with the parameters replaced by their MLE.
We obtained the sample through the MCMC algorithm implemented in the tmbstan
R-package (Monnahan & Kristensen, 2018). A single chain was run until convergence
and the final iteration λ∗ extracted. Using λ∗ as a replacement for λ in equations (3.5),
(3.6), (3.8), (3.9), calculation of quantile residuals was straight forward. Under the
model assumptions these residuals are independent standardized normal. For details see
code on GitHub (https://github.com/mcruf/LGNB).

Case study application

To test the LGNB model, we focused on the western Baltic cod stock (G. morhua) that
is targeted by the Danish trawl fisheries. Despite its status, the western Baltic cod is
currently characterized as a data-rich stock (ICES, 2018), where a substantial amount
of information is available in both commercial fishery and research survey data. As many
of the concurrent stock assessment models are based on an age basis (Nage), we choose
to apply the LGNB model to ages 2-4+. Recruits (ages 0-1) were left out of the analysis
as they were nearly inexistent in the commercial fisheries data (described below; see
Fig. 3.A.3) and because common age groups are needed across both datasets.

For each considered age group, we fitted the model to (i) research survey data
only and to (ii) the integrated data. This allowed evaluating the extent to which the
commercial fishery data bridged the spatial and temporal gaps in the research survey data,
as well as assessing the added value of the commercial fishery data quantitatively in terms
of reducing the uncertainty of the parameter estimates and abundance surfaces. Spatial
and temporal complementarity were evaluated visually by looking at the spatiotemporal
abundance surfaces (i.e, maps) and the inter-annual abundance indices. The latter was
calculated by summing up the predicted densities over the spatial grid in each quarter.
In turn, the added value of the commercial fishery data was inspected by computing the
ratio between the standard errors (on log-scale) of the abundance fields and parameters
from the integrated model relative to the survey model.

To compose the commercial fishery data, we used the on-board observer’s
database covering the 2005-2016 period. This data essentially provides information
on the overall catch (i.e. including discards) of the trawl fisheries, in addition to other
relevant biological information such as individual fish length, weight, and otoliths for age
determination (Storr-Paulsen et al., 2012). The overall sampling scheme is stratified
within vessel groups, area and quarter, with vessels randomly selected among all avail-
able vessels. However, because on-board sampling is not mandatory, some skippers can
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decline their presence, resulting thereby in a quasi-random sampling. To retrieve age-
disaggregated information on a haul-by-haul level, we coupled the on-board observer’s
data further to the biological database, which provides information on the catch-in-
numbers by age groups. The coupled commercial fisheries data included information
from 8 different métiers (Table 3.B.1). Nevertheless, we only selected the most rep-
resentative ones, in this case the otter bottom trawl fleet targeting demersal species
(OTB_DEF) with mesh sizes 110-120 (92% of the data), to avoid unnecessary noise
from the undersampled métiers. The final commercial fisheries dataset, thus, contained
information from 432 hauls spanning 86 fishing vessels (Fig. 1; Table 3.B.2). Both data
sources were obtained from the Danish National Institute of Aquatic Resources (DTU
Aqua), with their coupling framework described in more details in the Appendix.

For the research survey data, we relied on the ICES Baltic International Trawl
Survey (BITS, www.ices.dk) data. The main aim of the BITS monitoring is to gather
information on the abundance indices to tune the time-series in the ICES fish stock
assessments, in addition to the spatial distribution and demographic structure of several
demersal fish species from the Baltic Sea, with special focus on cod (ICES, 2017).
The sampling is randomly stratified within the different bathymetric layers of each ICES
subdivision, and is undertaken twice a year (1st and 4th quarter). Moreover, the positions
of the sampling stations are set in such way that 60% of the hauls cover the different
depth zones within the ICES areas, while the remaining 40% are allocated to those
areas where the cod abundance was highest in the last 5-year (ICES, 2017; R. Nielsen
et al., 2014). The standard fishing gear is the TV-3 bottom trawl, and the trawling
is standardized to 30 minutes. Depending on the research vessel in use, either a small
(520 meshes – TV3S) or large (930 meshes – TV3L) TV3 trawl might be deployed.
We extracted the BITS data from the Database of Trawl Surveys (DATRAS, http://
www.ices.dk/marine-data/data-portals/Pages/DATRAS.aspx) through its respective
R-package (Kristensen & Berg, 2018). The selected time period was the same as for
the commercial fisheries data, and only valid hauls were kept. This resulted in a dataset
with 1808 hauls derived from two research vessels (R/V Havfisken and R/V Solea), both
using the TV3S gear (Fig. 1; Table 3.B.2).

3.3 Results

Model estimation

Model convergence was confirmed for all three age groups and data options. The sim-
ulation study provided in overall small relative biases (<0.05) for the parameters across
all age groups and input data (Table 3.2). The smallest relative biases were generally
associated with the model applied to the research survey data, whereas marginally higher
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relative biases occurred for the integrated model. For the latter, some few parameters
were indeed greater than the specified threshold, namely: the overdispersion (φ) and the
variance of the vessel effect (σ2

vessel) parameters in all age groups, and the spatial scale
(κ) parameter in age group 3 and 4+ (Table 3.2). Among these, we noted that the
highest bias was associated to the variance of the vessel effect parameter and indicated
that it was consistently underestimated across all age groups.

Table 3.2: Summary of the simulation study based on the LGNB model applied
to both research survey and integrated data with respect to age groups 2-4+ of the
western Baltic cod stock. The value column stands for the transformed parameter
values that were used in the simulation, whereas the bias column stands for the
relative bias associated with the given parameter. Asterisks denote cases that were
not applicable.

Age group Parameters Survey Integrated
Value Bias Value Bias

A2

log(δ) -7.65 -0.049 -7.56 0.059
log(κ) 0.58 -0.008 0.57 -0.011

ρ√
1+ρ2

1.12 -0.002 1.2 -0.001
log(σ2

vessel) * * 0.44 -0.505
log(φSUR) 1.5 0.113 1.2 0.077
log(φCOM) * * -0.04 0.12

A3

log(δ) -7.63 0.016 -7.45 -0.165
log(κ) 0.46 -0.005 0.45 -0.028

ρ√
1+ρ2

1.09 -0.007 1.16 0.049
log(σ2

vessel) * * 0 -0.572
log(φSUR) 1.67 0.104 1.46 0.028
log(φCOM) * * 0.16 0.038

A4+

log(δ) -7.23 -0.092 -7.25 -0.102
log(κ) 0.2 -0.031 0.25 -0.039

ρ√
1+ρ2

4.14 0.176 3.71 0.253
log(σ2

vessel) * * 0.14 -0.451
log(φSUR) 0.41 -0.027 0.45 -0.021
log(φCOM) * * -0.17 0.029

Following the estimated parameters of the random effects, we detected for all age
groups only minor differences in the estimates between the two models (Tables 3.C.1
and 3.C.2). In both models, the scale parameter (κ) of the random field showed a
decreasing trend from the younger to the older age groups. Given that the spatial
correlation parameter (δ) remained relatively constant among all age groups, we can
interpret the scale parameter purely in terms of spatial variability, with smaller values
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indicating smaller variability in the predicted abundance density and vice-versa. As such,
we can infer that the spatial predicted densities of the older age groups are less variable
than the younger ones. The variance parameter of the commercial vessel effect is another
interesting parameter to look at, given that it dictates the variation in catch that is due to
the deployment of different fishing vessels with different fishing tactics. When evaluating
the random effects of the individual vessels (results not shown here), the results revealed
that the most efficient vessel can be up to 380 times more efficient than the least efficient
vessel (Age-2 = 380.6; Age-3 = 46.4; Age-4 = 86.2). Such catch discrepancy highilghts
therefore the importance of including the commercial vessels as random effect terms.

Likewise to the random effect parameters, the results of the estimated fixed
effect parameters detected only marginal differences in the estimates of the effects that
were common between both data sources (the year-quarter time period; Tables 3.C.3-
3.C.8). Concerning specifically the estimates from the integrated model, our results
have shown that all age groups displayed intra- and inter-annual catch fluctuations. In
addition, compared to the reference level (research survey data), the results depicted a
gradual increase in the commercial fishery catch from the younger to the older age groups
(see Data:commercial estimates in Tables 3.C.4, 3.C.6 and 3.C.8). When inspecting
the catchability among the two research survey vessels, much smaller differences were
detected across the different age groups when contrasted to those reported for the
commercial vessels (see Ship estimates in Tables 3.C.4, 3.C.6 and 3.C.8). Specifically,
our results indicated that the R/V Solea can be, on average, up to 4 times more efficient
than the R/V Havfisken (Age-2 = 2; Age-3 = 3.7; Age-4 = 3).

Regarding the improvement of the integrated model relative to the survey model,
our results has shown that the integrated model can reduce up to 19% of the uncer-
tainty for some random effect parameters when contrasted to the uncertainty of the
survey model parameters (Tables 3.C.2 and 3.C.2). In particular, the uncertainty of the
spatial correlation parameter (δ) was amongst the parameters with the highest reduction,
and occurred consistently across all age groups (Age-2 = -6%; Age-3 = -15%; Age-4 =
-12%). However, an increase in the uncertainty was detected for the scale and time cor-
relation (ρ) parameters of the model applied to Age-2 (+25% and +31%, respectively),
and for the time correlation parameter related to Age-3 model (+7%). In turn, no sub-
stantial improvement could be noticed from the shared fixed parameters (year-quarter
effect). In fact, the integrated model has shown to increase the uncertainty to about
6% (averaged across the time periods and species; Tables 3.C.3-3.C.8). However, we
note that for the time periods not covered by the survey model (mainly second and third
quarters in each year), the commercial fishery data in the integrated model was able
to supply fairly good estimates (Tables 3.C.4, 3.C.6 and 3.C.8). Thus, the integrated
model outcomes showed a relative gain of information and an overall reduction in the
uncertainty of the abundance dynamics.
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Model validation

For all three age groups the estimated shared parameters were compared between the
survey model and the integrated model (Fig. 3.3). If the integrated model is valid, we
should expect a linear relationship between those parameters that are shared between
the two models. The comparison shows that the shared parameters of the fixed effects
are very similar, following a clear linear trend (upper panels in Fig. 3.3). Similar results
are also observed for the random effects, but with much more variability around the
linear trend (lower panels in Fig. 3.3). A key question is whether these differences are
a sign of the commercial fisheries data supporting or contradicting the survey data.
Following our suggested test (see Likelihood based comparison of data sources section),
no inconsistencies were detected for neither the fixed effects nor random effects (Ta-
ble 3.3). This means that the full vector of shared parameter estimates obtained by
the integrated model was within the permissible range (confidence region) of the sur-
vey model. As such, we could not detect any contradiction between the two data sources.

Table 3.3: Summary of the test statistics applied to the fixed and random effect
parameters.

Parameters Age group χ2 df Pr > χ2

Fixed-effect
A2 6.37 30 0.999
A3 2.6 30 1
A4+ 4.42 30 1

Random-effect
A2 -15971 147678 1
A3 -12048 147678 1
A4+ 44443 147678 1

With respect to the goodness-of-fit, our results provides a reasonable model
fit for both survey and integrated data (Fig. 3.4). The residual pattern in the Q-Q
plots followed a fairly normal distribution, which was also confirmed by the Kolmogorov-
Smirnov’s test (p-val > 0.05). From the integrated model, we could further decompose
the residual into a survey and commercial component. For both components, the nor-
mality was equally confirmed (Fig. 3.C.1).
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Figure 3.3: Validation of the integrated LGNB model by contrasting the shared
parameters of the fixed effects (upper panels) and random effects (lower panels)
between the survey and integrated data.

Figure 3.4: Quantile-Quantile plots of the survey model (upper panels) and in-
tegrated model (lower panels) applied to age groups 2-4+ of the western Baltic
cod stock. The p-value in the age-specific panels indicates the significance of the
Kolomogorov-Smirnov’s normality test.
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Spatiotemporal dynamics of the western Baltic cod

The LGNB model can also display species spatiotemporal abundance by taking into
account the estimated fixed and random effect parameters. This further allows for a
visual comparison of the predicted abundance densities between the two data options,
with some examples displayed in Figure 3.5 and with the full set of results exposed in
Appendix 3.C. (Fig. 3.C.2-3.C.13).

Figure 3.5: Snapshot of the spatial abundance distribution (latent field) predicted
by the two model options for age groups 2-4+ of the Western Baltic cod. The lower
panels highlights the reduction in the uncertainty of the latent field of the inte-
grated model relative to the survey model (σ2

λintegrated/σ
2
λsurvey). For visualization

purposes, abundances were standardized to a 0-1 interval

Across all three age groups our results revealed that the integrated model was
able to borrow information from the commercial fisheries data when compared to the
research survey predicted densities. Despite the abundance surfaces reflected mostly
those of the research survey data, we could clearly distinguish the contribution from the
commercial fishery data in almost all time periods (Fig. 3.5). For age 2, for example,
while the research survey data predicted higher abundances around the Arkona Basin
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(see ICES area 24 in Fig. 3.1) and the Sound (ICES area 23), the integrated model
depicted an additional abundance hot-spot area in the vicinities of the Fehmarn Belt
(ICES area 22). Likewise, for age 3, the integrated model indicated many hot-spots in
the surroundings of the Kiel Bay (ICES area 22). In the case of age 4+, the integrated
model highlighted higher abundance densities around Bornholm Island (ICES area 24).
All these abundance hot-spots were predicted at low uncertainty (Fig. 3.C.14), with
higher uncertainties mostly associated with the limits of the considered study area.

By evaluating the uncertainty reduction of these abundance surfaces, our inte-
grated model could reduce up to 20% of the uncertainty for some specific regions (lower
panels in Fig. 3.5). This reduction was particularly notable for age groups 2 and 3,
where the highest reductions were located in the Fehmarn Belt and the vicinities of Kiel
Bay and Little Belt (lower right and mid panels in Fig. 3.5). When evaluated across the
considered time-period, our results indicated that for age group 2 and 3 the uncertainty
could be reduced by 40%, with average reductions between 5-10% (Fig. 3.C.15). In
contrast, for Age group 4+ the integrated model tended to increase the uncertainty by
an average of approximately 4%, although some areas could display a reduction of up to
~15% (Fig. 3.C.15).

Likewise to the spatial predictions, we should also expect an overlap between
the abundance indices computed from both survey and integrated models. As illustrated
in Figure 3.6, the indices of the integrated model followed the same trends as those
of the survey model. This was particularly true for the older age groups (ages 3-4+),
where the indices were nearly identical and with an almost full overlap between their
respective 95% confidence intervals. Furthermore, we could depict a gain of information
from the integrated model in relation to the time periods that were not sampled by the
research survey data (2nd and 3rd quarters of each year). The relative low uncertainty
associated with these time periods demonstrates that we can reliably use the commercial
fishery data to fill in the research survey gaps, and as such reconstruct the time-series.
Regarding particularly the temporal trend of the indices, we identified a seasonal trend
across all age groups, which were also consistent with the estimated temporal fixed-effect
terms highlighted in Tables 3.C.3-3.C.8.
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Figure 3.6: Integrated (blue) and survey-specific (yellow) inter-annual abundance
indices for age groups 2-4+ of the western Baltic cod, with shaded areas and range
bars denoting their respective 95% confidence intervals.
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3.4 Discussion

We have presented a novel and robust hierarchical species distribution model (SDM)
that can integrate fishery-dependent and -independent data while filtering out their
relative bias contributions in the abundance estimator. By widening the spatial frame
and extending the time series, the integrated LGNB-SDM has shown to capture a more
refined and precise description of a species spatiotemporal dynamics, and thus increased
our understanding of its dynamics. Indeed, our results revealed to be in agreement with
existing literature where the complex migration pattern throughout the western Baltic
cod’s life cycle could be equally identified (Hüssy, 2011).

Models that can simultaneously cope with commercial fisheries and research
survey data have experienced a steady growth among fisheries scientists in the past
few years (e.g., Bourdaud et al., 2017; Pennino et al., 2016; Pinto et al., 2018; Thor-
son, 2019; Zhu et al., 2018). Even though these models rely on a set of complex and
advanced statistical methods as, for example, Bayesian hierarchical logit models, multi-
variate autoregressive state-space models and delta-generalized linear models, we found
some shortcomings that could restrict their applicability into real case studies. Among
these, we specifically point at the: (i) oversimplification of the response-variable into a
presence/absence format (e.g., Pennino et al., 2016); (ii) restriction of the results to
a comparative analysis between the commercial fishery and research survey data with-
out proposing de facto an integrated model (e.g., Bourdaud et al., 2017; Pennino et
al., 2016); (iii) failure to address the spatiotemporal dependencies simultaneously (e.g.,
Bourdaud et al., 2017; Pinto et al., 2018); (iv) failure to explicitly model differences in
terms of fishing catchability and effort (e.g., Bourdaud et al., 2017; Pennino et al., 2016;
Pinto et al., 2018; Zhu et al., 2018); (v) omission of the preferential sampling nature
of the commercial fishery data, if present (e.g., Pinto et al., 2018; Thorson, 2019); and
(vi) and the spatial extent of its sampling unit (all studies mentioned previously).

We circumvented some of these problems by fully relying on the features of
hierarchical models. As pointed by Conn (2010), the strength of these models is that
the latent and observation processes can be tackled individually, offering thereby greater
flexibility to address the data-specific biases. The different catchabilities, for example,
is one of the main factors that hampers the data integration. Within stock assessment
models, a fundamental assumption is that the abundance estimator is proportionally
related to the true abundance; hence, constant catchability is implicit. Nevertheless,
this assumption is often, if not always, violated by the commercial fishery data since
skippers continuously adapt their fishing tactics, whereby the catchability is likely to
change in both space and time dimensions.
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In the present framework, we accounted for the hidden catchability effect by
including the vessel as an unstructured random term whenever the commercial fishery
data was considered; hence, it was essentially regarded as a nuisance parameter. Despite
our simplistic attempt to describe this process, it is important to note that no strict
consensus exists on the best way to account for catchability differences since its effect
arises from a set of complex and not fully understood interactions between fishers,
vessel size, vessel technological equipment, gear selectivity, fish species and size, and
ultimately the environment (Hilborn & Walters, 1992; Quinn & Deriso, 1999). Yet, as
shown by Thorson and Ward (2014), and equally depicted by our results, accounting
for a vessel effect through a random term provides a straightforward manner to account
for differences in catchability. Furthermore, in line with (Conn, 2010), we note that
the inclusion of a latent process into the modelling framework also allows absorbing
any abundance variation that is due to variability in the catchability. It is true that the
simulation study indicated a high bias for the variance parameter of the vessel effect,
and as such its interpretation should be conducted with care. Nevertheless, we note
that bias in variance parameters from random effect models is a common reported issue,
and could be possibly sidestepped through the generic bias-correction method proposed
by Thorson and Kristensen (2016). However, given that the LGNB-SDM was robust to
all model assumptions, we deemed that our approach was sufficient to standardize the
abundance of the commercial fishery data. We foresee that this is likely to change for
other stocks and case studies, in which case we encourage researchers to accommodate
more complex functions such as gear selectivity ogives or gear saturation effects provided
that the proposed model is flexible enough to be tailored to any context.

Another important distinction between the two data sources that deserves spe-
cial consideration is their spatiotemporal windows and their dependencies therein. Re-
search survey data have typically a low temporal and wide spatial coverage, whereas
the opposite occurs for the commercial fishery data. This difference can have several
non-mutually exclusive implications when the aim is to reconstruct the abundance trend
surface or the time-series. First, the different sampling coverages can imply that the
species’ biological and ecological characteristics are only partially sampled (Bourdaud et
al., 2017; Pennino et al., 2016). For instance, the fixed time frame of the research survey
sampling and the narrow spatial coverage of the commercial fishery sampling (especially
in the observer program, as used here) can both fail to capture seasonal fish migrations.
Secondly, environmental gradients could be higher in the dataset with broader spatial
coverage (Pinto et al., 2018), whereby such large-scale difference is likely not detected
to the same extent by the dataset with narrower spatial coverage. Third, because the
skipper tends to fish mainly in high-fish-density areas, low-density areas such as those
that are also covered by the research survey data will seldom appear in the commercial
fisheries data (Bourdaud et al., 2017).
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Here, we approached these pitfalls by assuming that the underlying popula-
tion density (latent process) is fundamentally the same irrespective of the data source.
That said, the spatiotemporal parameters describing variation in the abundance can be
used to predict densities in un-sampled areas and time period, and represents thereby
a valuable tool for data imputation (Thorson et al., 2015) and, most importantly, for
abundance standardization. Moreover, the LGNB-SDM enables to include covariates in
both the observation and latent processes, widening therefore the range of possibilities
for case-specific adaptations. While including covariates in the observation process allow
to control for factors affecting catchability, the inclusion of covariates in the latent pro-
cess enables to account for factors that potentially affect the underlying abundance. For
example, the different life stages of the western Baltic cod are known to be affected by
environmental forcing conditions (Hinrichsen et al., 2012; Hinrichsen et al., 2007). We
therefore briefly investigated the effect of bathymetry on the residuals of the integrated
model to evaluate whether it could be used as a predictor in the latent process. Os-
tensively, we did not detect any apparent effect of this particular covariate (Fig. 3.D.1).
Future research could therefore focus on investigating this matter further, and test other
abiotic and biotic predictors.

It is noteworthy that our results did not detect any issues related to the pref-
erential sampling nature of the commercial fishery data. As this is usually a serious
problem that can lead to severely overstated estimates (Diggle et al., 2010), we initially
anticipated the effect of a preferential sampling in our model by extending the commer-
cial observation process such that it could be described by a combination of counts and
sampling positions. For an overview of our approach to the preferential sampling and
the results obtained, we refer to the Appendix. Albeit our approach indicated a weak
preferential sampling for age group 4+, no significant model improvement was detected
by the proposed test statistics (Appendix); thus, all our results were based on the simpler
model (without a preferential sampling term).

These findings contrast those of Pennino et al. (2018), who also used on-board
observers’ commercial fishery data and detected significant model improvement when the
preferential sampling was taken into account. To this discrepancy, we can raise at least
three hypotheses. The first is in relation to the sampling nature of the data; On-board
observers’ data are typically characterized by a quasi-random sampling scheme where only
a subset of the fleets is sampled. In this sense, the effect of targeted sampling can become
diluted. The second relates to the considered age groups; Although cod is a targeted
species, only older age groups (> Age 3) are effectively targeted. This would align
with our results, since a weak preferential sampling started to appear only for the oldest
age group (Age-4+). Lastly, following Conn et al. (2017) and Thorson et al. (2015),
a preferential sampling arises only when the sampling intensity is directly correlated
to the underlying abundance field. Whenever the species’ abundance is predominantly
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explained by environmental predictors, the spatial targeting on high density areas will
not cause bias since in this case the sampling intensity would be primarily correlated to
the environmental predictors. As such, the western Baltic cod aggregations that were
identified in this study could be indeed an indication that they are strongly related to
environmental drivers as previously indicated by Hinrichsen et al. (2007) and Hinrichsen
et al. (2012), enforcing therefore the need of investigating the effect of the environment
through cod’s life stages.

A last, but not least important aspect that is worth to comment, is our approach
to the commercial fishery hauls. As mentioned earlier in the Methods section, a common
practice among fisheries scientists is to assume the commercial fishery hauls solely as
a georeferenced point, when in reality they are more similar to a transect. In order
to account for the small-scale dynamics of the abundance field that could explain the
observed commercial fishery catch, we kept the transect characteristic of the commercial
fishery data. In addition to the results reported for the integrated model, we also tested
the same model on a case where we would assume the commercial fishery data as a
georeferenced point (essentially, as the survey data) to evaluate whether there was any
significant improvement. At first sight we did not encounter any substantial differences
among these two models and therefore decided to omit these results from the present
study. Notwithstanding, we caution against this particular finding as we believe that
this could have been an artefact between the commercial fisheries data, the size of the
spatial grid, and the length bins we used to discretize the hauls. In the current approach
we used a 5x5 km spatial spatial grid and 1-km bins for the haul discretization, whereas
most of our commercial fishery hauls had an extent of less than 10 km. Under these
conditions, it seems therefore unlikely to capture such a refined spatial dynamics. We
thus encourage investigating this matter further, since we believe that these results might
radically change within a much smaller spatial scale and where the effect of both spatial
grid resolutions and haul discretization steps could be tested.

3.5 Concluding remarks

In an era of big data science, ecological data are being collected at an unprecedented
rate due to the continuous improvements in information technology. More than ever,
different data sources are being made available to scientists, such as citizen science
and remote sensing data, thereby rendering their coupling in an integrated framework
even more tempting. Despite the wealth of information, these data come often at the
cost of high dimensionality and/or sampling biases. However, the rapid development of
flexible statistical models has been providing untapped potential for data integration, as
demonstrated in the current study.
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Our proposed model not only is useful for providing support to fish stock as-
sessments and increased understanding of fish dynamics, as well as it could be used to
calibrate spatial fisheries bio-economic simulation tools such as DISPLACE Bastardie
et al. (2014) and to test the effect of different sampling designs on the abundance es-
timator. Moreover, within a data-poor context, a model such as ours could represent
a valuable evaluation tool as the amount of information can be boosted and thus in-
crease the statistical power. We have seen that the model can reduce the uncertainty
in the abundance field quite substantially depending on the considered age group (up
to 20%). Yet, for the parameter estimates this was less evident. Similar findings were
found by Grüss and Thorson (2019), where their spatiotemporal model reported only a
9% improvement in the uncertainty parameter of the biomass index. Thus, despite the
overall benefits of integrated models, we also noted that an increase in the precision
of the model parameters is not necessarily warranted. It can, in fact, depend not only
on the data sources that is used but also on the age structure of the population being
analysed.

We highlight that the model provides a set of flexibilities that render it applicable
to a wide range of case studies, including even systems other than fish and fisheries.
Reasons for this include: (i) any type of count-related data can be modelled; (ii) hidden
effects on the response variable can be accounted for through structured and unstructured
random terms; (iii) abiotic and biotic covariates can be included in both latent and
observation processes; (iv) the model can be easily switched-on to a single data source
whenever the other is missing; (v) differences in the spatial extent of the sampling
unit can be accounted for; and, lastly, (vi) situations with preferential sampling can be
addressed.

These multiple win-win combinations also open several avenues for future im-
provement and expansion of the LGNB-SDM. For instance, multiple survey data could be
used whilst accounting for their distinct catchabilities and sampling efforts, as demon-
strated for the commercial fisheries data. This approach could also be extended to
accommodate data sources that rely on other sampling strategies (e.g., longline fish-
eries and acoustic surveys). The current model could also be extended such that other
probability distributions could be used to describe the observation process, including
continuous and/or binary data like biomass and presence/absence data, respectively. As
for now, the framework is limited to count data that are modelled via a negative binomial
distribution.
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Appendix

3.A Supporting figures

Figure 3.A.1: Illustration of the spatial grid used in the LGNB model. The grid
was built on a 5 x 5 km resolution, resulting in 3076 spatial cells.
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Figure 3.A.2: Illustration of the difference in the trawled distance between com-
mercial (blue lines) and survey (yellow dots) data. For better visualization, only
data from 2016 are shown.
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Figure 3.A.3: Yearly aggregated catch-in-numbers per age group according to the
data type used in the study. Blue and yellow bars refers to the commercial and
survey catch, respectively.
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3.B Data description

Commercial fishery data (fishery-dependent)

In Denmark several institutions are involved in collecting and analyzing certain types
of fisheries-related data, such as economic data, sales slips, biological parameters and
transversal data (Storr-Paulsen et al., 2012). The Danish fisheries data collection pro-
gramme has been implemented in accordance with the European Data Collection Frame-
work (EU DCF) and considers that all involved institutions gather the most important
information in a common database, the Danish Fisheries Analyses Database (DFAD),
which is quarterly and yearly updated. The DFAD results from merging the sales slip
(data on landed quantities and prices per species and commercial size group), logbook
(data on catches and effort on the ICES statistical rectangle level; www.ices.dk) and
vessel register (data on fishing capacity by registered vessle) together, and provides
therefore the main information that are requested by research projects.

Depending on the research and management advisory objectives, however, other
types of data might be needed, such as those of the at-sea sampling programs (to eval-
uate, e.g., discard trends) or vessel monitoring systems (VMS, to evaluate, e.g., fishing
impact on benthic habitats). As the primary focus of the present study was to obtain
information of the age-specific catches (Numbers-at-age, Nage) on the highest sampling
resolution (i.e., haul-by-haul basis), we first had to couple the biological database to
the on-board observer’s data in order to compose the actual commercial fisheries data
that was used by the LGNB model. In the following sections, each data source is briefly
presented and their coupling process described.

On-board observer data

The on-board observer program provides information mainly on discard rates, with both
discarded and landed fish being identified and quantified on a haul-by-haul basis; this
implies that information on either the total number or weight per species is available
for each haul. Besides collecting information on vessel-related features (type, size, gear,
horse power, etc.), geolocation of the haul and environmental variables (sediment type
and depth), on-board observers also retrieve biological information such as individual fish
length, weight and otoliths for age determination (Feekings et al., 2012; Storr-Paulsen et
al., 2012). This dataset can either be used to evaluate the discard trends of the different
species, or coupled to the landed fish to better inform stock assessments. Although it
provides more accurate and detailed information, they are more costly to retrieve when
compared to other commercial fisheries data gathering methods, and consequently on-
board observers cover only a fraction of the fishery. In the case of the Danish fisheries,
observers are set on-board to only those fleets with high discard rates, with the demersal
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trawl fisheries being the most representative within the Danish sampling scheme (Storr-
Paulsen et al., 2012).

Biological data

The biological database supplies information on weight-in-catch and catch-in-numbers by
age/length group for the most important commercially exploited fish species. To retrieve
this information, sampling of discards and landings is undertaken during the on-board
and port-sampling programmes (for more detailed information on the sampling strategy,
we refer to Storr-Paulsen et al., 2012). Despite its coarser resolution (information is
provided on a trip level), the biological database covers a wide range of fish species that
are caught by the Danish fishing fleets. For the present study, we retrieved information
regarding specifically the age-specific catches (catch-in-numbers, Nage).

Coupling biological data into on-board observer’s data

By coupling the biological data (hereafter BD) to the on-board observer’s data (hereafter
OBO) through the logbook number (common identifier among both data), we can
retrieve age-disaggregated information on a haul-by-haul level. The coupling itself is
made upon the logbook number, which is a common identifier between both data sources.
Once coupled, the number of individuals for each age group needs to be corrected for
those trips containing more than one haul. For simplicity, we here assumed that the
Nage of each individual haul was proportional to the total catch of the trip.

We note that while the biological database covers nearly all Danish fishing fleets,
the OBO data represents only a subset of them. Thus, when merging both datasets,
the new resulted data (OBO-BD) should theoretically be of the same dimension as the
OBO data. Yet, whenever a trip with given logbook number is not sampled by neither
the on-board observers nor port-samplers, the very same logbook number will not be
present in the biological database. Thus, when merging both data sources, information
from the OBO data will be lost, resulting in a dataset with a smaller dimension than the
actual OBO data. This was no different in our case, where approximately 30% of the
OBO data were lost.
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Table 3.B.1: Number of hauls per métier in the commercial data. Acronyms stand
for: OTB = Otter bottom trawl, PTB = Paired bottom trawl, SDN = Danish Seine,
DEF = Demersal fish, MCD = Demersal mixed crustaceans. The numbers in each
métier indicate the mesh-size of the trawl net.

Métiers No. of hauls
OTB_DEF_>=105_1_110 209
OTB_DEF_>=105_1_120 223
OTB_DEF_90-104_0_0 9
OTB_MCD_90-119_0_0 1
PTB_DEF_>=105_1_110 4
PTB_DEF_>=105_1_120 2
SDN_DEF_>=105_1_110 12
SDN_DEF_>=105_1_120 9
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3.C Supporting results

Table 3.C.1: Estimated coefficients of the random effects of the LGNB model
applied to the survey data.

Age group Random effects Estimate Std. Error p-value

A2

log(δ) -7.63 0.34 3.44E-110
log(κ) 0.58 0.04 2.51E-44

ρ/
√

1 + ρ2 1.11 0.16 8.94E-12
log(φSUR) 1.5 0.41 2.35E-04

A3

log(δ) -7.61 0.34 1.32E-112
log(κ) 0.46 0.04 4.96E-35

ρ/
√

1 + ρ2 1.08 0.14 5.34E-15
log(φSUR) 1.68 0.32 1.75E-07

A4+

log(δ) -7.2 0.45 1.28E-57
log(κ) 0.2 0.05 3.20E-04

ρ/
√

1 + ρ2 4.13 0.64 1.41E-10
log(φSUR) 0.41 0.09 3.89E-06

Table 3.C.2: Estimated coefficients of the random effects of the LGNB model
applied to the integrated data.

Age group Random effects Estimate Std. Error p-value

A2

log(δ) -7.55 0.32 3.08E-124
log(κ) 0.57 0.05 1.95E-29

ρ/
√

1 + ρ2 1.2 0.21 2.58E-08
log(φSUR) 1.19 0.42 5.21E-03
log(φCOM) -0.03 0.14 8.31E-01
log(σ2

vessel) 0.44 0.16 6.05E-03

A3

log(δ) -7.41 0.29 3.41E-145
log(κ) 0.45 0.04 2.48E-29

ρ/
√

1 + ρ2 1.14 0.15 9.14E-15
log(φSUR) 1.49 0.32 3.81E-06
log(φCOM) 1.16 0.11 1.52E-01
log(σ2

vessel) -0.005 0.15 9.75E-01

A4+

log(δ) -7.22 0.4 8.19E-72
log(κ) 0.25 0.05 3.05E-06

ρ/
√

1 + ρ2 3.69 0.52 2.91E-12
log(φSUR) 0.45 0.09 1.18E-06
log(φCOM) -0.17 0.09 6.37E-02
log(σ2

vessel) 0.14 0.13 3.04E-01
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Table 3.C.3: Estimated coefficients of the fixed effects for age 2 of the LGNB
model applied to the survey data.

Fixed-effects Estimate Std. Error p-value
Time:2005 1 4.22 1.549 0.006
Time:2005 4 2.031 1.55 0.19
Time:2006 1 3.462 1.549 0.025
Time:2006 4 1.913 1.557 0.219
Time:2007 1 3.546 1.55 0.022
Time:2007 4 1.468 1.553 0.344
Time:2008 1 2.411 1.55 0.12
Time:2008 4 0.967 1.557 0.535
Time:2009 1 2.593 1.548 0.094
Time:2009 4 1.979 1.549 0.201
Time:2010 1 3.176 1.548 0.04
Time:2010 4 1.928 1.554 0.215
Time:2011 1 3.206 1.547 0.038
Time:2011 4 1.585 1.551 0.307
Time:2012 1 2.43 1.544 0.115
Time:2012 4 1.592 1.548 0.304
Time:2013 1 2.587 1.544 0.094
Time:2013 4 2.186 1.547 0.158
Time:2014 1 3.13 1.536 0.042
Time:2014 4 1.976 1.546 0.201
Time:2015 1 3.22 1.542 0.037
Time:2015 4 1.542 1.557 0.322
Time:2016 1 2.395 1.539 0.12
Time:2016 4 1.051 1.55 0.498
Ship:HAF 0.011 0.206 0.959
Ship:SOL 0.708 0.347 0.041
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Table 3.C.4: Estimated coefficients of the fixed effects for age 2 of the LGNB
model applied to the integrated data.

Fixed-effects Estimate Std. Error p-value
Time:2005 1 4.758 1.475 0.001
Time:2005 2 4.72 1.742 0.007
Time:2005 3 5.365 2.542 0.035
Time:2005 4 2.641 1.477 0.074
Time:2006 1 4.021 1.475 0.006
Time:2006 2 3.932 1.599 0.014
Time:2006 3 3.017 1.655 0.068
Time:2006 4 2.51 1.482 0.09
Time:2007 1 4.231 1.476 0.004
Time:2007 2 7.421 1.927 000
Time:2007 3 7.594 2.01 000
Time:2007 4 2.046 1.482 0.167
Time:2008 1 2.943 1.48 0.047
Time:2008 2 0.784 2.194 0.721
Time:2008 3 2.633 1.778 0.139
Time:2008 4 1.559 1.484 0.294
Time:2009 1 3.071 1.475 0.037
Time:2009 2 0.899 1.649 0.586
Time:2009 3 2.178 2.131 0.307
Time:2009 4 2.522 1.476 0.088
Time:2010 1 3.808 1.479 0.011
Time:2010 2 2.437 1.709 0.154
Time:2010 3 9.432 2.338 000
Time:2010 4 2.554 1.479 0.084
Time:2011 1 3.872 1.475 0.009
Time:2011 2 2.23 1.818 0.223
Time:2011 3 0.05 2.051 0.981
Time:2011 4 2.12 1.48 0.152
Time:2012 1 2.869 1.473 0.051
Time:2012 2 -0.457 2.251 0.839
Time:2012 3 1.516 1.981 0.444
Time:2012 4 2.099 1.476 0.155
Time:2013 1 2.932 1.473 0.047
Time:2013 2 3.97 2.115 0.061
Time:2013 3 -6.674 35.981 0.853
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Table 3.C.4 continued

Time:2013 4 2.654 1.474 0.072
Time:2014 1 3.628 1.464 0.013
Time:2014 2 -6.408 36.925 0.862
Time:2014 3 3.274 1.677 0.051
Time:2014 4 2.494 1.472 0.093
Time:2015 1 3.729 1.47 0.011
Time:2015 4 2.163 1.484 0.145
Time:2016 1 2.88 1.465 0.049
Time:2016 2 4.63 1.664 0.005
Time:2016 4 1.675 1.476 0.256
Ship:HAF -0.015 0.226 0.947
Ship:SOL2 0.067 0.339 0.843

Data:commercial -3.791 0.452 000
metiers: OTB_DEF_>=105_1_120 0.057 0.388 0.883
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Table 3.C.5: Estimated coefficients of the fixed effects for age 3 of the LGNB
model applied to the survey data

Fixed-effects Estimate Std. Error p-value
Time:2005 1 2.697 1.364 0.048
Time:2005 4 0.305 1.37 0.824
Time:2006 1 2.417 1.363 0.076
Time:2006 4 0.258 1.379 0.852
Time:2007 1 2.173 1.366 0.112
Time:2007 4 0.092 1.371 0.946
Time:2008 1 1.665 1.365 0.223
Time:2008 4 -0.862 1.388 0.535
Time:2009 1 1.172 1.372 0.393
Time:2009 4 -0.381 1.382 0.783
Time:2010 1 1.753 1.365 0.199
Time:2010 4 0.131 1.374 0.924
Time:2011 1 2.122 1.362 0.119
Time:2011 4 -0.003 1.375 0.998
Time:2012 1 1.479 1.361 0.277
Time:2012 4 -0.442 1.378 0.748
Time:2013 1 1.116 1.362 0.412
Time:2013 4 -0.562 1.386 0.685
Time:2014 1 1.416 1.355 0.296
Time:2014 4 -0.096 1.369 0.944
Time:2015 1 1.818 1.362 0.181
Time:2015 4 0.027 1.373 0.985
Time:2016 1 1.415 1.353 0.295
Time:2016 4 -0.468 1.373 0.733
Ship:HAF -0.048 0.214 0.822
Ship:SOL 1.279 0.352 0.000
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Table 3.C.6: Estimated coefficients of the fixed effects for age 3 of the LGNB
model applied to the integrated data.

Fixed-effects Estimate Std. Error p-value
Time:2005 1 2.839 1.234 0.021
Time:2005 2 0.51 1.466 0.728
Time:2005 3 -0.892 2.425 0.713
Time:2005 4 0.509 1.241 0.682
Time:2006 1 2.769 1.234 0.025
Time:2006 2 1.576 1.336 0.238
Time:2006 3 0.884 1.378 0.521
Time:2006 4 0.46 1.249 0.712
Time:2007 1 2.39 1.237 0.053
Time:2007 2 3.421 1.564 0.029
Time:2007 3 2.939 1.702 0.084
Time:2007 4 0.348 1.243 0.779
Time:2008 1 1.918 1.237 0.121
Time:2008 2 0.838 1.664 0.615
Time:2008 3 0.36 1.437 0.802
Time:2008 4 -0.353 1.25 0.778
Time:2009 1 1.396 1.239 0.26
Time:2009 2 0.023 1.376 0.987
Time:2009 3 1.334 1.779 0.453
Time:2009 4 -0.132 1.255 0.916
Time:2010 1 1.999 1.236 0.106
Time:2010 2 -0.443 1.451 0.76
Time:2010 3 2.904 2.095 0.166
Time:2010 4 0.51 1.245 0.682
Time:2011 1 2.464 1.233 0.046
Time:2011 2 2.244 1.504 0.136
Time:2011 3 -0.159 1.516 0.916
Time:2011 4 0.29 1.247 0.816
Time:2012 1 1.727 1.233 0.161
Time:2012 2 -0.688 1.638 0.675
Time:2012 3 -0.883 1.656 0.594
Time:2012 4 -0.061 1.246 0.961
Time:2013 1 1.27 1.233 0.303
Time:2013 2 1.104 1.803 0.541
Time:2013 3 -1.888 2.173 0.385
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Table 3.C.6 continued

Time:2013 4 -0.176 1.255 0.888
Time:2014 1 1.764 1.225 0.15
Time:2014 2 -9.592 30.891 0.756
Time:2014 3 0.96 1.405 0.495
Time:2014 4 0.119 1.24 0.923
Time:2015 1 2.152 1.232 0.081
Time:2015 4 0.312 1.243 0.802
Time:2016 1 1.695 1.224 0.166
Time:2016 2 1.895 1.398 0.175
Time:2016 4 -0.114 1.242 0.927
Ship:HAF -0.042 0.222 0.852
Ship:SOL2 0.98 0.309 0.002

Data:commercial 0.121 0.37 0.744
metiers: OTB_DEF_>=105_1_120 0.164 0.294 0.578
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Table 3.C.7: Estimated coefficients of the fixed effects for age 4+ of the LGNB
model applied to the survey data.

Fixed-effects Estimate Std. Error p-value
Time:2005 1 1.785 0.913 0.051
Time:2005 4 -0.038 0.915 0.967
Time:2006 1 1.862 0.911 0.041
Time:2006 4 0.155 0.917 0.866
Time:2007 1 1.864 0.912 0.041
Time:2007 4 -0.242 0.915 0.791
Time:2008 1 1.595 0.909 0.079
Time:2008 4 -0.832 0.92 0.366
Time:2009 1 1.337 0.912 0.143
Time:2009 4 -0.777 0.917 0.397
Time:2010 1 1.405 0.913 0.124
Time:2010 4 -0.339 0.917 0.711
Time:2011 1 1.817 0.911 0.046
Time:2011 4 -0.035 0.912 0.972
Time:2012 1 1.466 0.909 0.107
Time:2012 4 -0.525 0.912 0.565
Time:2013 1 0.729 0.907 0.422
Time:2013 4 -0.969 0.921 0.293
Time:2014 1 0.75 0.906 0.408
Time:2014 4 -0.884 0.913 0.333
Time:2015 1 1.384 0.906 0.127
Time:2015 4 -0.143 0.912 0.875
Time:2016 1 1.235 0.893 0.167
Time:2016 4 -0.507 0.908 0.576
Ship:HAF -0.362 0.262 0.167
Ship:SOL 0.732 0.375 0.051

Chapter 3 69



Integrating commercial fisheries and scientific survey data

Table 3.C.8: Estimated coefficients of the fixed effects for age 4+ of the LGNB
model applied to the integrated data.

Fixed-effects Estimate Std. Error p-value
Time:2005 1 2.085 0.948 0.028
Time:2005 2 -0.224 1.149 0.845
Time:2005 3 -1.353 1.694 0.425
Time:2005 4 0.172 0.951 0.856
Time:2006 1 2.026 0.945 0.032
Time:2006 2 -2.728 1.059 0.011
Time:2006 3 -1.599 1.099 0.146
Time:2006 4 0.361 0.952 0.704
Time:2007 1 2.302 0.946 0.015
Time:2007 2 3.512 1.194 0.003
Time:2007 3 2.437 1.16 0.036
Time:2007 4 0.088 0.951 0.926
Time:2008 1 1.846 0.944 0.051
Time:2008 2 0.158 1.352 0.907
Time:2008 3 0.145 1.174 0.902
Time:2008 4 -0.466 0.952 0.624
Time:2009 1 1.658 0.944 0.079
Time:2009 2 0.919 1.056 0.384
Time:2009 3 1.235 1.597 0.439
Time:2009 4 -0.466 0.953 0.625
Time:2010 1 1.621 0.946 0.087
Time:2010 2 -0.829 1.114 0.457
Time:2010 3 -1.233 1.744 0.48
Time:2010 4 0.015 0.951 0.988
Time:2011 1 2.145 0.944 0.023
Time:2011 2 1.675 1.228 0.172
Time:2011 3 -2.775 1.222 0.023
Time:2011 4 0.227 0.949 0.811
Time:2012 1 1.722 0.943 0.068
Time:2012 2 0.445 1.219 0.715
Time:2012 3 -1.549 1.279 0.226
Time:2012 4 -0.31 0.949 0.744
Time:2013 1 0.941 0.943 0.318
Time:2013 2 -0.164 1.279 0.898
Time:2013 3 -2.966 1.543 0.055
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Table 3.C.8 continued

Time:2013 4 -0.583 0.955 0.541
Time:2014 1 1.222 0.94 0.194
Time:2014 2 -3.829 1.812 0.035
Time:2014 3 0.319 1.106 0.773
Time:2014 4 -0.692 0.949 0.468
Time:2015 1 1.599 0.943 0.09
Time:2015 4 0.071 0.947 0.94
Time:2016 1 1.53 0.931 0.128
Time:2016 2 1.671 1.091 0.142
Time:2016 4 -0.104 0.941 0.912
Ship:HAF -0.331 0.254 0.194
Ship:SOL2 0.439 0.329 0.181

Data:commercial 0.548 0.386 0.156
metiers:OTB_DEF_>=105_1_120 0.888 0.291 0.002

Figure 3.C.1: Histogram of the survey (yellow) and commercial (blue) residual
components of the integrated LGNB model. For all age groups, the Kolomogorov-
Smirnov’s normality test indicated a p-value greater than 0.05.
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Figure 3.C.2: Spatial distribution of the Age-2 western Baltic cod predicted by
the survey model for 2005-2010.
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Figure 3.C.3: Spatial distribution of the Age-2 western Baltic cod predicted by
the survey model for 2011-2016.
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Figure 3.C.4: Spatial distribution of the Age-2 western Baltic cod predicted by
the integrated model for 2005-2010.
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Figure 3.C.5: Spatial distribution of the Age-2 western Baltic cod predicted by
the integrated model for 2011-2016.
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Figure 3.C.6: Spatial distribution of the Age-3 western Baltic cod predicted by
the survey model. for 2005-2010.
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Figure 3.C.7: Spatial distribution of the Age-3 western Baltic cod predicted by
the survey model. for 2011-2016.
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Figure 3.C.8: Spatial distribution of the Age-3 western Baltic cod predicted by
the integrated model for 2005-2010.
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Figure 3.C.9: Spatial distribution of the Age-3 western Baltic cod predicted by
the integrated model for 2011-2016.
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Figure 3.C.10: Spatial distribution of the Age-4+ western Baltic cod predicted
by the survey model for 2005-2010.
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Figure 3.C.11: Spatial distribution of the Age-4+ western Baltic cod predicted
by the survey model for 2011-2016.

Chapter 3 81



Integrating commercial fisheries and scientific survey data

Figure 3.C.12: Spatial distribution of the Age-4+ western Baltic cod predicted
by the integrated model for 2005-2010.
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Figure 3.C.13: Spatial distribution of the Age-4+ western Baltic cod predicted
by the integrated model for 2011-2016.
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Figure 3.C.14: Standard error of the spatial abundance predictions for the dif-
ferent age groups of western Baltic cod. For visualization purposes, values were
standardized to a 0-1 interval.
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3.D Supporting analysis

Depth effect on the integrated model’s residual

Figure 3.D.1: Relationship between the residuals of the integrated model and
the depth at seabed (in meters). The integrated residuals were further decomposed
into a survey (yellow) and commercial (blue) component to evaluate trends between
these data. The trend lines depicts the linear regression line with 95% confidence
intervals for each input data.

Preferential sampling bias correction

One of the main hurdles of using commercial fisheries data is that they typically arise
from an aggregated sampling scheme. Skippers tend to target areas where the abundance
of a given species is known to be high, and can as such potentially mask whenever the
abundance is in fact declining declining (Erisman et al., 2011; Hilborn Walters, 1992).
This is often referred to as the hypersability problem, where the CPUE can remain high
(or even increase) while true abundance declines. To avoid overestimation, one needs
therefore to account for the targeted sampling.

In the spatial statistical literature, this is frequently termed as preferential sam-
pling (Diggle et al., 2010). Methodologies to address this issue is a relatively recent
and still hot debated topic within the statistical and, especially, fisheries literature (e.g.,
Conn et al., 2017; Diggle et al., 2010; Gelfand et al, 2012; Ferreira Gamerman, 2015;
Pennino et al., 2018; Zidek et al., 2014). In most cases, the latent process (hereby
abundance density) and the sampling locations are modeled jointly, where the sampling
intensity follow an inhomogeneous Poisson point process with an underlying log-density
that depends linearly on the process for a given location (for more details, refer to Diggle
et al., 2010).
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To evaluate whether the commercial data in the case study suffered from a
preferential sampling (PS) problem, we developed an alternative solution to the existing
ones. To do so, we extended the commercial observation process in Equation 3.7 such
that it could be described by a combination of counts and sampling positions. In this
case, Equation 3.7 remains essentially unchanged except for the addition of an extra
parameter (α) that relates the sampling position v along the spatial grid G through a
probability vector P:

P (Vi = vi|η) = λ(si, ti)αf i∑
s∈Gfi

λ(si, ti)αf i
(3.12)

The application of this parameter relies on the definition of a sampling support
area f , which constitutes a subset of the study area where a sampling may occur. The
interpretation of the α parameter is as follows: If α = 0, the distribution of the sampling
stations becomes uniform and no PS occurs. In contrast, if α increases towards infinity,
the sampling stations become more concentrated towards high-density areas, thereby
indicating a positive PS; Opposite reasoning applies as α decreases towards minus infinity,
namely, sampling is aggregated in low-density areas (Fig. 3.D.2).

Figure 3.D.2: Simulation experiment with the LGNB model to illustrate the pref-
erential sampling (PS) intensity. While the black line represents the true simulated
abundance, the other line colors shows the abundance when sampled under a differ-
ent degrees of preferential sampling (red: strong PS – α =6; blue: moderate PS – α
=3; green: no PS – α =0.1)

Defining the sampling support area f is a straightforward process and does not
require any complicated input feature. The main idea of the support area is to inform the
LGNB model with those areas (within the study area) that are more likely to be sampled.
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This could, for example, be based on prior knowledge or even easier, by analyzing the
general spatial pattern of the sampling locations of the commercial data. In our case
study, we relied on the latter option for which the support area was based on the actual
sampling locations.

The following step is then to associate these sampling locations to the nearest
grid vertex (Fig. 3.A.1). This is essential to later identify which grid ID was associ-
ated to the sampling locations. The grid identification provides a binary matrix of the
TRUE/FALSE type, with the number of rows reflecting the amount of grid vertices, and
the binary output reflecting whether a given grid ID was associated to a haul (TRUE)
or not (FALSE) .

Results to the preferential sampling approach

Among all considered age groups, only age-4+ indicated a weak preferential sampling
(Table 3.D.1). Despite of this, the likelihood ratio test revealed that across all age groups
no significant model improvement occurred when the preferential term was considered
(Table 3.D.1). Furthermore, when evaluating the model’s consistency, our results indi-
cated that for age-4+ the consistency failed for both fixed and random-effect parameters
(Fig. 3.D.3). In this sense, we can in overall conclude that the commercial data used in
the current study is not affected by a preferential sampling bias.

Table 3.D.1: Summary of the likelihood ratio test applied on the LGNBmodel with
and without a preferential sampling term. The last column denotes the estimated
α-parameter, which indicates the degree of preferential sampling.

Age group χ2 df Pr > χ2 α
A2 -7.88 1 1 -0.08
A3 -5.59 1 1 -0.07
A4+ -281.4 1 1 1.5
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Figure 3.D.3: Validation of the integrated LGNB model corrected for the prefer-
ential sampling.
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Abstract

The cost-effectiveness of fisheries monitoring programs is seldom as-
sessed, especially when involving the simultaneous use of fishery-dependent
and –independent data. We developed a comprehensive framework that can
explore the trade-offs between a set of performance metrics for estimating fish
abundance, sampling size and costs of both monitoring programs while consid-
ering risk and statistical robustness. The approach was applied on the Danish
Baltic fisheries sampling program conducted between 2015-2016, and focused
on three commercially important species with different life-history traits (cod,
plaice, and herring). Irrespective of data source, species and year, our results
indicated that increasing the sampling size does not result in a proportional
increase in the abundance accuracy. Moreover, the results have shown that
combining both data sources can provide abundance estimates as accurate as
those informed solely by fishery-independent data. If only the abundance per-
formance metrics should be minimized, fishery-independent data revealed to
be amongst the most cost-effective. However, the most risk-averse sampling
strategies occurred when fishery-dependent data were additionally taken into
account. Similar results occurred when the abundance performance metrics
were minimized together with the sampling costs. Overall, our results revealed
that we could reduce the sampling costs, if more fishery-dependent data would
be used.

Keywords Cost-effectiveness analysis, Data Envelopment Analysis (DEA),
Fisheries resource monitoring, Fisheries management advice, Hierarchical model,
Sampling design, Simulation.
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4.1 Introduction

Monitoring the abundance of commercially exploited wildlife populations is a vital com-
ponent within management and conservation plans (Trenkel et al., 2000). Estimates of
abundance are inherently uncertain as the resource can only be observed indirectly, with
the uncertainty range being sensitive to the sampling design underlying the monitoring
program (e.g., Cabral & Murta, 2004; T. Miller et al., 2007; Muradian et al., 2019). The
highest precision and lowest uncertainty in the abundance estimator is usually achieved
by statistically sound sampling designs (Underwood & Chapman, 2003); hence, typically
coordinated and managed by the scientific community.

In fisheries science, collection of fishery-independent data through a systematic
monitoring program can nevertheless become prohibitively expensive, due to both oper-
ational and maintenance costs associated with the deployment of the research vessel, as
well as the structural costs related to the data maintenance, organization and handling
(Caughlan & Oakley, 2001; Vos et al., 2000). To reduce costs, researchers and managers
are thus often tasked to redesign their sampling scheme such that either the sampling
size is reduced or the spatiotemporal coverage of the sampling is reduced (e.g., Bellanger
& Levrel, 2017; Field et al., 2005; Liu et al., 2009). By doing so, however, the risks
of over- or under-estimating the abundance of target species may induce management
decisions that can lead to drastic consequences (see Walters & Maguire, 1996).

For commercially fished stocks, fishery-independent data may be supplemented
with information from alternative data sources, such as those dependent on the com-
mercial fisheries (e.g., catch declaration in logbook data, monitoring data from on-board
observers, port-sampling, etc.; hence, fishery-dependent data). These data derive from
an intrinsic preferential sampling scheme that is neither systematic nor random, but can
provide a large sampling size that also covers a high proportion of the target stocks
(Pagel et al., 2014; Rufener et al., 2020). In addition, as a byproduct of the commercial
fisheries, the costs related to the acquisition of fishery-dependent data are inevitably
cheaper as the research vessel cost component is essentially removed.

While the reliability of fishery-dependent data alone to inform abundance esti-
mates remains open to discussion, their value is of no doubt (e.g., Pauly et al., 2013).
There is, therefore, a clear trade-off between estimating reliable abundances and sam-
pling costs, in which a sampling methodology that minimizes the costs and maximizes
the accuracy of the abundance estimator is ideally sought. Many fisheries monitoring
programs address how much a certain program costs, but seldom investigate whether
they are the most cost-effective partially because of the complexity and lack of inte-
grating biological and economic expertise (Bentley & Stokes, 2009; R. Nielsen et al.,
2018).
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According to Caughlan and Oakley (2001), cost-effectiveness approaches can be
of substantial assistance to decision-makers as it provides a means to contrast alternative
monitoring programs and compare outcomes to costs. As such, the cost-effectiveness
is a relative measure given that it identifies the monitoring program that produces the
most outcomes (e.g., in terms of reduced uncertainty) per unit cost. Provided that
numerous data sources are used to populate complex stock assessment models, as for
example the integrated assessment models (IA; Maunder & Punt, 2013), an integrated
cost-effectiveness analysis could, under these circumstances, assess the relative benefit
of including different combinations of fishery-dependent and independent data into the
abundance estimator.

In a companion paper, Rufener et al. (2020) proposed a robust spatiotempo-
ral statistical model that can integrate fishery-independent and –dependent data whilst
filtering out their relative bias contributions in the overall abundance estimator of a
species. The model is fundamentally a state-space model that accounts for both obser-
vation and process errors, and implicitly considers the spatio-temporal dependency that
are inherent to any species dynamics. As this model can estimate species’ abundance
from different data sources and, thereby sampling sizes, it constitutes an appropriate
platform for extending it further with a cost-effectiveness analysis. By doing so, we
aim at providing a framework that can evaluate the trade-offs between the accuracy of
the abundance estimator and the monitoring costs under both fishery-independent and
integrated (fishery-independent + fishery-dependent) data perspectives.

To test our approach, we used data from the Danish commercial bottom trawl
fisheries and the ICES Baltic International Trawl Survey (BITS) program that were
carried out in the Kattegat/western Baltic Sea during the period 2015-2016. Since
the quality and quantity of the data depends not only on the monitoring program but
also on the surveyed species (Ono et al., 2015), we selected three commercially im-
portant species exhibiting different life-history traits and selectivity properties, namely:
cod (Gadus morhua; benthopelagic roundfish), plaice (Pleuronectes platessa; benthic
flatfish) and herring (Clupea harengus; pelagic). As herring is not a targeted species by
the bottom trawlers in the study area, data from both the BITS and trawl fishery will
be patchy and highly variable, and our choice of this particular species was therefore to
mimic a data-poor situation where only limited fishery data and survey time series are
available because of non-targeting.

This set-up enables us to compare the cost-effectiveness for different levels
of data combination, as well as compare the results across species and time-periods.
Given that cost effectiveness relates to the cost of achieving different outcomes, which
in turn are determined by management objectives, for the purpose of this study we
considered three different types of trade-offs: (i) trade-offs between cost, variance and
bias (i.e. difference between the abundance estimates given some information and the
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model outcome given the “best” information); (ii) a risk-averse trade-off between costs
and minimizing the maximum bias in the abundance estimator (i.e. minimizing the worst
case outcome); and (iii) the optimal trade-off between cost of data collection, variance
and bias of the abundance abundance estimator.

4.2 Material & Methods

Fishery-dependent data

We used data from the Danish at-sea scientific sampling program to represent the fishery-
dependent data. The at-sea sampling program has the main purpose of providing infor-
mation on the discard rates of the Danish fisheries, in addition to catch and effort data
and biological data such as individual length, weight, and otoliths (Storr-Paulsen et al.,
2012). Since 2002, the program redirected its sampling towards trawl fisheries and Dan-
ish seines, as the discard rates of the other fisheries in the western Baltic and Kattegat
were nearly insignificant. The overall sampling scheme is stratified within vessel groups,
quarter and area, and involves the presence of at least one expert observer on-board a
commercial fishing vessel to collect all information on a haul-by-haul basis. Despite the
stratified random nature of the selection of vessels and trips sampled, it is not entirely
made at random since not all skippers, among the random selected vessels list, were
willing to accept on-board observers; thus, the sampling is quasi-random as it in some
cases forces the selection of the next random selected vessel.

We obtained the at-sea sampling data, henceforth referred to as commercial
data, from the Danish Institute of Aquatic Resources (DTU Aqua) covering the Katte-
gat and western Baltic Sea (ICES subdivisions 21-24). In order to evaluate inter-annual
differences in the cost-effectiveness analysis (see cost-effectiveness analysis of the differ-
ent sampling strategies section), for each species we extracted information spanning the
period of 2015-2016 and covering solely the bottom trawl fleet. This extraction resulted
in more than 100 hauls across the time period and species (Table 4.2.1). We further
coupled the species-specific data to the biological database such that age-disaggregated
information could be retrieved for each haul for more details refer to, Rufener et al.
(2020). From this coupled commercial dataset, we then used the following informa-
tion that was needed as input for the LGNB model described in section LGNB model
overview : sampling location (given by start and ending positions of the haul in long/lat
format), vessel ID, quarter of the year, year, métier, and total number of individuals
(Ntot, calculated as the sum of individuals across all age groups). We conducted all
data handling procedures within the R programming platform (R Core Team, 2019).
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Fishery-independent data

The BITS data arises from an internationally coordinated monitoring program whose
goal consists of tuning the time-series of Baltic-Kattegat fish stocks that are used,
among other purposes, in stock assessment models and data limited stock evaluations
according to Maximum Sustainable Yield (MSY) proxies. Besides gathering information
on abundance indices for several demersal species, data on their spatial distribution and
demographic structure are also collected, with particular focus on cod, plaice, flounder,
turbot, sprat and herring (ICES, 2017). The surveys are conducted twice a year; one
in the first quarter (February-March, henceforth survey-Q1 data), and another in the
fourth quarter (November-December, henceforth survey-Q4 data). Despite two research
vessels are deployed to conduct the sampling, namely R/V DANA and R/V Havfisken,
we focused solely on the latter vessel for simplification purposes. Trawling operations
(i.e., haul) are standardized to 30 min and are based on a stratified random sampling
design (ICES, 2017; R. Nielsen et al., 2014). Of the planned sampling stations, 60%
are allocated to cover different ICES areas (management units within EU waters), while
40% are allocated exclusively to areas where cod was abundant in the last 5 years (R.
Nielsen et al., 2014).

We extracted the fishery-independent data from the Database of Trawl Surveys
(DATRAS; publicly available at http://www.datras.ices.dk/) through its respective R-
package (Kristensen & Berg, 2018). The data was filtered for the same species, time
period and spatial area as in the fishery-dependent data, and only valid hauls were kept
for the analysis. Similarly to the commercial data, this filtering resulted in more than
100 hauls per species and year (Table 4.2.1). To retrieve information on an age-basis,
we applied a quarterly age-length-key (ALK) that is provided within the DATRAS R-
package. From this dataset, we then selected information on the sampling location (this
time given by the mean long/lat), duration of the haul (in minutes), the fishing gear,
quarter of the year, and the total number of individuals (calculated as in the fishery-
dependent data), all input necessary for the LGNB model calibration.
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Table 4.2.1: Sampling size (number of hauls) per data type, species and level of
haul selection (scenario).

Species Scenario Commercial Survey-Q1 Survey-Q4
2015 2016 2015 2016 2015 2016

Cod

100% 30 72 48 60 53 65
75% 22 54 36 45 40 49
50% 15 36 24 30 26 32
25% 8 18 12 15 13 16
0% 0 0 0 0 0 0

Plaice

100% 35 90 47 107 53 110
75% 26 68 35 80 40 83
50% 18 45 24 54 26 55
25% 9 22 12 27 13 28
0% 0 0 0 0 0 0

Herring

100% 81 121 48 57 53 56
75% 61 91 36 43 40 42
50% 40 60 24 28 26 28
25% 20 30 12 14 13 14
0% 0 0 0 0 0 0

Monitoring costs

Economic data on the individual sampling programs were derived from DTU Aqua re-
search budgets and accounting records undertaken in 2018, and were calculated in Danish
crowns (DKK). This accounting is quality controlled on a regular basis through external
independent auditing programs (E.U., 2017). Despite the time period mismatch be-
tween the economic data (2018) and those of the fishery-dependent and -independent
data (2015-16), DTU Aqua monitoring section assured that these sampling costs did
not differ substantially between these time periods (M. Storr-Paulsen, pers.comm).

We focused on the variable component of the sampling costs (i.e., variable
costs), given that they vary directly with the fishing effort and, presumably, with sampling
size. The overall research costs in 2018 were thus (i) DKK 270,710 for the commercial
data, (ii) DKK 731,910 for the survey-Q1 data, and (iii) DKK 756,498 for the survey-Q4
data. We describe the individual sampling costs in more details in Appendix 4.A.

LGNB model overview

To estimate the abundance of the three species according to the simulation scenarios
described in the next section, we used the statistical spatiotemporal LGNB model devel-
oped by Rufener et al. (2020). The model was designed to combine fishery-dependent
and –independent data where both observation and process errors are modelled jointly.
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As each data source arises from different monitoring objectives and sampling designs,
different levels of bias sources can arise in the abundance estimator and which can be
corrected for by the LGNB model. Precisely, the model can account for five main differ-
ences between data sources, namely: (i) fishing effort (i.e., sampling effort), (ii) fishing
catchability, (iii) spatio-temporal sampling coverage through spatial and temporal corre-
lation structures, (iv) spatial extension of the sampling unit, and (v) preferential sampling
nature of the fishery-dependent data, if present. For further details on the model and
its calibration, we refer to Appendix 4.B.

Simulation framework

To conduct the simulations based on the calibrated LGNB model, we started by assuming
that the species-specific abundances could derive from different levels of data combina-
tion between the commercial and the survey data, and the sampling sizes therein (given
by the number of hauls). We decided to split the survey data further by the quarters
in which they were undertaken in order to evaluate separately their contributions into
the overall abundance estimates and cost-effectiveness. In this sense, three datasets
informed the simulation framework: (i) commercial data (COM), (ii) survey-Q1 data
(SQ1) and (iii) survey-Q4 data (SQ4).

To simulate species abundance for the different data sources and sampling sizes,
we adapted the LGNB model such that a predefined fraction of hauls could be randomly
selected (with replacement) within the total pool of hauls in each data source. This
selection is essentially a nonparametric bootstrapping approach, once we simulate by
re-sampling the original data. We referred to the predefined haul selection as a scenario,
for which we defined five levels based on a constant increase of 25% in the amount
of haul selection (i.e. 0%, 25%, 50%, 75% or 100%) (Fig. 4.2.1; Table 4.2.1). For
instance, if a dataset contained 300 hauls and a 25% scenario was chosen, only 75 hauls
would be randomly selected to inform the LGNB model.

We then defined all possible scenario combinations between the three data
sources, where we referred to the different combinations of the data-specific scenar-
ios with different sampling levels as a sampling strategy (Fig. 4.2.1). This yielded a
total of 120 sampling strategies (i.e. 53), where we excluded the case where no data
were selected from any of the datasets, as well all cases related solely to the commercial
data. We set the order in each sampling strategy by starting always with the commer-
cial data scenarios, followed by those of the 1st and 4th quarter survey data scenarios,
respectively. For instance, a sampling strategy denoted by “025_075_0” implies that
the LGNB model is informed with 25% of the commercial data, 75% of the survey-Q1
data and none of the survey-Q4 data (see example in Fig. 4.2.1).

From these sampling strategies, we assumed, for the purposes of the analysis,
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Figure 4.2.1: Schematic illustration of the simulation framework. Each individual
data source can admit five levels of haul selection (0-100%; hereafter a scenario),
where the red highlighted numbers denotes a hypothetical scenario that would be
randomly selected 500 times within each data source. The combination of the data-
specific scenarios yields a sampling strategy, which in this example is composed by
25% of the fishery-dependent data (commercial), and 75% and 0% by the first and
fourth quarter fishery-independent data (Survey-Q1, Survey-Q4), respectively. Each
simulation of this sampling strategy is then used as input in the LGNB model to
provide spatiotemporally resolved abundance estimates. From these estimates, the
abundance performance metrics (APM) are retrieved to posteriorly inform the DEA
model.

that the one containing the full set of both survey data (i.e., 0_1_1) would produce the
most precise and reliable estimate of the “true” fish abundance. As such, we defined this
sampling strategy as the baseline to represent an idealized case in which only fishery-
independent data would be available for assessment practice.

Based on the calibrated LGNB model, each sampling strategy was then boot-
strapped 500 times, resulting thereby in 500 simulated abundance estimates per sampling
strategy within a given species and year (Fig. 4.2.1). We further computed four per-
formance metrics of abundance estimates, namely: (i) coefficient of variation (CV), (ii)
variance, (iii) median bias, and (iv) maximum bias, where “bias” was calculated by com-
paring the abundance estimate of each sampling strategy with that from the baseline
strategy (assuming the latter was the most accurate).
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Cost-effectiveness analysis of the different sampling
strategies

For the cost-effectiveness analysis, we had to compute the costs of each of the different
data-specific sampling strategies. To do so, we converted the overall costs of each
sampling strategy to a daily average, i.e., total average costs divided by the amount of
days spent at sea. In 2018, on-board observers spent 55 days at sea, while the research
vessel in the 1st and 4th quarter spent 19 and 18 days at sea, respectively. To relate the
average daily costs to the actual sampling size, we assumed that the number of days
spent at sea would also be proportionally affected by the sampling size. An overview of
the data-specific scenario costs is given in Table 4.2.2.

Table 4.2.2: Sampling costs per scenario and data type.

Scenario Days at sea Total cost (DKK)
Commercial (daily cost = 4,922 DKK)
100% 55 270,710.00
75% 41 203,032.50
50% 28 135,355.00
25% 14 67,677.50
0% 0 0
Survey-Q1 (daily cost = 38,522 DKK)
100% 19 731,909.67
75% 14 539,301.86
50% 10 385,215.62
25% 5 192,607.81
0% 0 0
Survey-Q4 (daily cost = 42,028 DKK)
100% 18 756,497.94
75% 14 588,387.29
50% 9 378,248.97
25% 5 210,138.32
0% 0 0

To evaluate the effectiveness of the alternative sampling strategies in terms of
their costs and accuracy in abundance estimates, we used Data Envelopment Analysis
(DEA). This approach constitutes a straightforward way to estimate the relative efficiency
among a set of Decision Making Units (DMUs), which herein were given by the different
sampling strategies. Within DEA, the DMUs are characterized by different performance
metrics that are summarized into an input and output vector. These DMUs are then
compared through linear programming to derive the best production frontier (Olesen &
Petersen, 2016; Pascoe & Mardle, 2003), with deviations from this frontier indicating
that the DMU is not operating at the highest efficiency. The production frontier can
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be determined either by the maximum output that can be reached given a combination
of inputs (output-oriented DEA), or by the minimum combination of inputs required to
produce a pre-defined level of output (input-oriented DEA); For this study, we considered
the input-oriented DEA.

If we now consider that h inputs produce m outputs based on n DMUs (i.e.,
sampling strategies), with Y denoting the m x n output matrix and X the h x n input
matrix, we can solve the technical efficiency (TE) for each DMU as

min θ subject to

−yi + Yλ ≥ 0

θxi − Xλ ≥ 0 (4.1)

λ ≥ 0

where θ is the TE index, yi and xi are the output and inputs of the ith DMU,
respectively, and Y and X are the set of outputs and inputs of the other DMUs (6= i) in
the data, and λ is a vector of weights associated with each of these other DMUs. The
efficiency index can take-up values between 0 and 1, with 1 indicating full efficiency and
smaller values the degree of inefficiency.

Depending on the scale assumption underpinning the DEA model, different ef-
ficiency frontiers can be produced (Tingley et al., 2003). Equation 4.1, for example,
assumes that the DMUs are operating under constant returns to scale (CRS), which
means that the output changes by the same proportion as inputs changes (Pascoe et
al., 2013). That is, an increase in sampling results in a proportional increase in im-
provement in the abundance estimator reliability. However, in fisheries this is rarely the
case; stock assessment reliability is likely to increase at a greater than proportional rate
when increasing data from very low levels, but as the quantity of data increases, the
marginal improvements are likely to decrease. In this case, a variable returns to scale
(VRS) assumption is more appropriate, where it extends the first equation by including
a restriction term, NI ′λ = 1. Hence, for the present study we chose the VRS over the
CRS approach.

The estimation of the production frontier does not require any structural as-
sumption about the relationship between inputs and outputs. In other words, it does
not need the specification of a statistical probability distribution to describe the data,
and thereby confers greater flexibility in the frontier estimation (Tingley et al., 2003).
Bootstrapping techniques can then be used to measure the sensitivity of the efficiency
scores to the sampling variation of the frontier, an approach we also adopted herein.

In essence, abundance variance and bias are undesirable outputs given that ide-
ally DMUs would prefer to minimize these. A common method to deal with undesirable
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outputs in DEA models is to treat them as inputs, as both inputs and undesirable outputs
incur costs for a DMU; hence, DMUs usually want to minimize rather than maximize
both types of variables (Guo & Wu, 2013).

Within this context, we identified the most cost-effective sampling strategies
(DEA case 1), by using as input the variance and median bias, and as output the
sampling cost (Table 4.2.3). Thus, the input-oriented DEA model is estimating the
minimum variance and (median) bias that can be achieved for a given sampling cost,
where the derived efficiency score associated with each sampling strategy is a measure
of its relative cost-effectiveness. To identify the most cost-effective strategy taking
account of risk-aversion (DEA case 2), we replaced the median bias by the maximum
bias in the input matrix (Table 4.2.3). Hence, strategies that reduce this maximum
bias will be considered more efficient even if the median bias is little affected. Provided
that cost effectiveness is a relative measure, high cost effectiveness may be related to
low costs and low outcomes, or high costs and high outcomes. Since cost savings is
also a desirable outcome, we estimated a model in which the overall performance of
the sampling strategies were evaluated (DEA case 3). To do so, we defined a constant
value of 1 for the output, and specified the costs, variance and median bias all as
inputs (Table 4.2.3). The efficiency score in this case provides an overall measure of
the sampling strategy performance, taking into consideration its costs as well as the
usefulness of the resultant data for stock assessment purposes.

We conducted all analyses using the Benchmarking R-package (Bogetoft and
Otto, 2019). Estimates of the uncertainty of the efficiency scores were obtained through
the bootstrapping technique within the dea.boot function.

Table 4.2.3: Input and output metrics used for the DEA.

DEA Inputs Output Analysis

case 1 Variance Cost Evaluates the most
cost-effective sampling strategiesBias (median)

case 2 Variance Cost Evaluates the most
risk-averse sampling strategiesBias (max)

case 3
Variance

1
Evaluates the sampling strategies
with the best overall performance
amongst the input variables

Bias (median)
Cost
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4.3 Results

Simulation overview of sampling strategy and abundances
estimates

The abundance simulation yielded some unrealistic outliers across the sampling strate-
gies for each species and years therein. To not mislead the results, we removed these
outliers based on Tukey’s upper and lower fences. While for cod and plaice in both
years this implied a loss of less than 1% of the simulated data, for herring the loss was
slightly bigger but still within acceptable range (13% in both years) (see Table 4.C.1 in
Appendix 4.C). We recall that the abundances from all sampling strategies were com-
pared to the baseline, i.e., the abundance estimated by the full set of survey data (0_1_1
sampling strategy). We further note that for the sake of comparison, sampling strategies
were clustered into data-specific sampling strategies as represented by the different color
codes in Figure 4.3.1.

For all species, the simulated abundances revealed different estimates across
both sampling strategies and years (Fig. 4.3.1 and Fig 4.C.1-4.C.6 in Appendix 4.C).
In general, the year 2015 yielded estimates that were closer to the baseline than 2016.
We also noted that the sampling strategies associated with either the SQ1 or SQ4
data tended to underestimate the abundances, while those related to both surveys
(SQ1+SQ4) yielded, as expected, abundance estimates much closer to the baseline.

When integrating the COM data with the first or fourth quarter surveys (SQ1+COM
or SQ4+COM), our results indicated that the sampling strategies related to SQ1 data
produced much more consistent and accurate abundance estimates than when using the
SQ4 data (Fig. 4.3.1). Indeed, all sampling strategies involving the SQ4+COM data
yielded always the highest abundance variability across all years and species, especially
herring in 2015 (Fig. 4.3.1). Conversely, the results from the sampling strategies involv-
ing the three data sources simultaneously (COM+SQ1+SQ4) showed that the simulated
abundances were as close to the baseline as those from the SQ1+SQ4 data, particularly
for plaice in 2015 (Fig. 4.3.1).

For some data-specific sampling strategies, we could detect a clear trend between
the abundance variability and the sampling size (Fig. 4.3.1). For example, the SQ1+SQ4
data for herring in 2015 clearly showed that the variability in the abundance decreased
towards the sampling strategies with larger sampling sizes. This pattern occurred con-
sistently for all SQ1+SQ4 data in all the years, as well as for some isolated cases that
included commercial fishery data, such as the COM+SQ1 data and COM+SQ1+SQ4
data for cod in 2015 (Fig. 4.3.1). In contrast, a few cases revealed an opposite trend,
as for example the SQ4 data in 2016 for cod and in 2015 for herring (Fig. 4.3.1).
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Figure 4.3.1

Figure 4.3.1: Boxplot of the simulated abundances per sampling strategy, year
and species (cod = two upper panels; plaice = two mid panels; herring = two
lower panels), with the red dashed line representing the abundance of the base-
line strategy. For better visualization, only a subset of the COM+SQ1+SQ4 (gray
boxplots) sampling strategies were selected, with the full set of results displayed in
Figures 4.C.1-4.C.6. Color codes stand for the following data sources: dark blue =
SQ1, light blue = SQ4, beige = SQ1 + SQ4, green = COM + SQ1, orange = COM
+ SQ4, gray = COM + SQ1 + SQ4.

We also displayed the coefficient of variation (CV) of the simulated abundances
as a function of sampling size (Fig. 4.3.2). According to our results, all levels of data
combination revealed a decreasing trend across both species and years, except for the
SQ4+COM data for cod in 2016. Furthermore, among the different data sources, we
observed that the smallest CVs were usually associated with the survey specific data
(SQ1, SQ4 or SQ1+SQ4), whereas the highest CVs always occurred for the SQ4+COM
data. Moreover, we found that smaller CVs did not correspond to smaller bias. For
example, the SQ4 data in 2015 for all three species showed that the lowest bias corre-
sponded always to the highest CVs. This contrasts the SQ1 data, where the smallest
bias tended to correspond to the lowest CVs, except for plaice and herring in 2015.

Figure 4.3.2: Coefficient of variation (C.V) of the simulated abundances as a
smoothed function of sampling size. Panels from left to right refers to cod, plaice
and herring, and dotted black line highlights a conservative C.V of 10%. Filled
circles represents the sampling at which the lowest abundance bias was reached.
Data acronyms stand for: COM = commercial, SQ1 = first quarter survey data,
SQ4 = fourth quarter survey data.
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The most cost-effective sampling strategies (DEA case 1)

We recall that the efficiency scores are relative measures; thus, absolute scores are
less important than their ranking. Overall and across all species, inter-annual differ-
ences were most pronounced for the SQ1+SQ4+COM data sampling strategies, with
marginally higher efficiencies reached in 2016 (Fig. 4.3.3). The simulations involving
either SQ1+COM or SQ4+COM data revealed to be the least cost-effective amongst
species and years, while the SQ1+SQ4 data were associated with the most cost-effective
sampling strategies (Fig. 4.3.3).

For visualization purposes, we listed the top three efficiency scores per species
and year in Table 4.C.2. For cod, our results has shown that the most efficient sampling
strategy was related to the SQ4 data (e.g., 0_0_5), followed by sampling strategies
that included either both surveys (e.g., 0_1_025 in 2015) or all the data sources (e.g.,
075_1_025 in 2016). In contrast, for the other two species, the highest efficiencies
occurred for the strategies involving at least both survey data (e.g., 0_1_025 in plaice
2015 and 0_075_1 in herring 2016). We also noted that the best efficiency scores
corresponded to sampling strategies where a higher proportion of any data type were
involved (usually above 50%), such as 0_0_05, 025_025_075, and 1_05_075 (see
Table 4.C.2 and Fig. 4.3.3).
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Figure 4.3.3: Bootstrapped efficiency scores with 95% confidence intervals for DEA
case 1. Panels a, b and c refers to the cod, plaice, and herring results, respectively.
Filled circles and open triangles refers to the 2015 and 2016 data, respectively. Color
codes are as in Figure 4.3.1.
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The most risk-averse sampling strategies (DEA case 2)

Similarly to the first DEA analysis, we detected inter-annual differences in the effi-
ciency scores across the three species, with 2015 results usually being more risky (less
risk-averse) than 2016 (Fig. 4.3.4). We highlighted the top three risk-averse sam-
pling strategies in Table 4.C.3. As indicated by our results, the simulations from the
SQ1+SQ4+COM data were amongst the most risk-averse, followed by those containing
only SQ4 data and SQ1+SQ4 data, respectively (see Table 4.C.3 and Fig. 4.C.2). We
also noted that some of the sampling strategies that were identified as the most cost-
effective were also amongst the most risk-averse, as for example the 0_0_05 strategy
for cod in both years and the 0_1_025 strategy for plaice in 2016 (see Tables 4.C.2
and 4.C.3). In addition, our results indicated that the most cost effective and risk-
averse sampling strategies were related to those in which a lower proportion of any data
were involved (0%-25%), such as the 025_025_0 strategy for herring in 2016 and the
0_0_025 strategy for cod in 2016 (see Table 4.C.3 and Fig. 4.3.4). This suggests that
increasing sampling size (and hence cost) does not reduce the potential maximum risk,
even though it may reduce the average risk. In this case, there is little justification to
incur the additional costs of the more intensive programs if this was a key consideration
of managers.
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Figure 4.3.4: Bootstrapped efficiency scores with 95% confidence intervals for DEA
case 2. Panels a, b and c refers to the cod, plaice, and herring results, respectively.
Filled circles and open triangles refers to the 2015 and 2016 data, respectively. Color
codes are as in Figure 4.3.1.
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The sampling strategies with the best overall performance
(DEA case 3)

Likewise the previous DEA cases, for the sampling strategies with the best trade-off
among the overall performance, i.e. considering all abundance performance metrics as
well as costs, our results showed inter-annual differences across species (Fig. 4.3.5). Most
sampling strategies had slightly higher efficiency scores in 2016 than in 2015. Particularly
high efficiencies were detected for simulations in which the survey data sources were used
either separately or combined (SQ1 and/or SQ4), as well as for the SQ1+COM data
simulations (Fig. 4.3.5). We listed the three highest scores across species and years in
Table 4.C.4. Albeit no discernible trend could be detected between and within species
and years, we noted that the SQ1+COM data-specific sampling strategies provided
slightly better outcomes, especially for herring in 2016. The majority of the sampling
strategies included an intermediate (50%) to high (75%) proportion of data selection.
This shows, therefore, that the sampling costs can still be reduced while optimizing the
overall performance. For example, the best outcome for plaice in 2016 was achieved at
a sampling size of 64 hauls and sampling cost of 973,603 DKK, implying in a reduction
of approximately 70% of the sampling size and 35% of the sampling costs.
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Figure 4.3.5: Bootstrapped efficiency scores with 95% confidence intervals for DEA
case 3. Panels a, b and c refers to the cod, plaice, and herring results, respectively.
Filled circles and open triangles refers to the 2015 and 2016 data, respectively. Color
codes are as in Figure 4.3.1
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4.4 Discussion

Fisheries management represents a complex interconnected system of choices with dif-
fering costs and benefits, demanding multi-layer initiatives and considerations linked to
both monitoring and research programs (ICES, 2016). However, defining an optimal
management action is frequently hindered by the multiple, and often conflicting, objec-
tives that typically underlies a management plan (J. Nielsen & Mathiesen, 2006). In
Europe, only more recently has the EU become aware of the importance of cost-effective
approaches. As a response to this, the European Data Collection Framework (EU DCF)
in collaboration with ICES have been devoting increased efforts in the latter years to im-
prove their ability to evaluate the data needs for each of its member state (E.U., 2017;
ICES, 2016). The present study, thus, adds upon these needs by proposing a comprehen-
sive and practical framework that can balance different abundance performance metrics
in regards to the costs of different monitoring programs while considering both risk and
statistical robustness.

In particular, we based our approach on a state-space model (LGNB) in which
both spatial and temporal dependencies are taken into account, conferring thereby not
only greater flexibility to integrate fishery-independent and –dependent data, as well as
providing more robust and precise abundance estimates. However, unlike the models of
Ono et al. (2015) and Muradian et al. (2019), the current framework is not an operational
model that could simulate different quantities (e.g., fishing mortality, abundance) for
other types of sampling configurations. Our approach is in fact based on an estimation
model where the simulations are built upon a nonparametric bootrapping technique.
Thus, we can test for sampling strategies with decreasing sampling size in space and/or
time, but not for cases in which we would increase the sampling intensity or change the
overall sampling method. Despite this limitation, we note that efforts are being made to
turn the LGNB model operational (M-C. Rufener, pers. comm.), and thus enlarge the
scope of its application.

The effect of data source and sampling size on abundance
estimation

As anticipated, the present study confirmed the sensitivity of the abundance estimates
to the data source and amount of data collected. This is in line with other studies
that demonstrated different levels of bias in the abundance estimates when using either
different fishery-independent data combinations (Liu et al., 2009; Muradian et al., 2019;
Xu et al., 2015) or a combination of fishery-independent and –dependent data (Dennis
et al., 2015), and sampling sizes therein. Whereas these studies report that an increase
in sampling size tends to reduce the abundance bias, they also point out that this
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relationship depends on the data source (all previous references), the species (Ono et al.,
2015; Xu et al., 2015) and the abundance performance measure under concern (Muradian
et al., 2019; Ono et al., 2015). For example, Ono et al. (2015) demonstrated that
the combined use of age and length composition data (fishery-independent) generally
improved the abundance accuracy for flatfish-like species, but not for sardine-like and
cod-like species. Muradian et al. (2019), in turn, showed that omitting certain types of
survey data had different impacts on the bias across distinct reference points, such as
virgin biomass and fishing mortality.

In a simulation study conducted by Jardim and Ribeiro (2007), they found that
in the presence of spatial correlation an increase in the sample size does not necessarily
result in a proportional increase in the quantity of information. We detected similar
information redundancy, where we in fact believe that not only the spatial but also
the temporal correlation can have a considerable impact in the abundance estimates.
By selecting the hauls randomly, especially at small sampling sizes, it is very likely to
pick-up ones that might not only have very contrasting information, as well ones that
may be located further apart from each other in space and time; hence, affecting the
spatiotemporal correlation parameters of the LGNB model. This was especially notable
when contrasting the sampling strategies within and between datasets, and particularly
when a smaller fraction of data were involved (mainly 0-25% scenarios). The analysis
of the coefficient of variation provided additional support to this, where the information
redundancy was most pronounced in cases where the survey data sources were used
either separately or together.

Compared to the baseline, our simulation study indicated that using only the
first or the fourth quarter surveys (SQ1 or SQ4) tended to underestimate the abun-
dance even when sampling sizes were increased, whereas using both surveys (SQ1+SQ4)
yielded similar outcomes even at smaller sampling sizes. The latter result, however, is
not surprising given that we used the full set of survey data as the baseline and this is
likely to change if another data source would be chosen as reference. When associat-
ing the commercial data (COM) with any of these survey data sources (SQ1, SQ4 or
SQ1+SQ4), we noted that despite the simulated abundances were generally more noisy
(i.e, increased abundance variability), their median values were still harmonized with the
baseline, especially when a larger proportion of each data source was used. This was
notably true for the SQ1+COM or SQ1+SQ4+COM data, and in particular for cod in
both years and plaice in 2015, evidencing thereby that the commercial data seemed to
be of considerable value for these two species, yet less for herring. These species-specific
differences in abundance estimations can be partially justified on the basis that in the
present study only on-board observer data were used to inform the commercial data
simulations. As in Denmark they cover mostly the demersal trawlers and Danish seines
(Storr-Paulsen et al., 2012), pelagic species like herring are seldom caught. As a con-
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sequence, the sporadic commercial herring data may have obfuscated the signal seen in
the survey data. Notwithstanding, we foresee that the importance of commercial data is
likely to increase for herring by using a data source that truly reflects its targeting (e.g.,
pelagic trawl fisheries).

The main advantage of integrating commercial data with survey data relies on
the fact that not only the overall time-series can be extended, as well the sampling size
can be increased and as such allows to capture a more precise description of the species’
dynamics (Rufener et al., 2020). This is especially valuable in the context of optimizing
sampling strategies where species with different life history traits are in focus, once
historical data can be of essential assistance for short-lived species (Ono et al., 2015).
These species often lack of an adequate temporal coverage (and number of observations
therein), which ultimately hampers the traceability of their cohorts and inference on
biological parameters such as gonadal development. In this way, commercial data can
significantly compensate for this deficit given that a much higher proportion of the stock
over the year can be covered.

Cost-effective management solutions

Our study showed that careful considerations need to be set when evaluating the cost-
effectiveness of the fishery-dependent and -independent data sources. Indeed, depending
on the species, year, season and the research question under concern (reflected in the
three DEA cases), different conclusions could be potentially drawn. For example, the
simulations conducted for cod revealed that the most accurate abundance estimates were
mainly associated to sampling strategies in which the commercial data were integrated to
either first-quarter survey (SQ1+COM) or both surveys (SQ1+SQ4+COM), especially
when 2015 data were considered. Despite this, when evaluating the most cost-effective
and most risk-averse sampling strategies (DEA case 1 and 2, respectively), our results
indicated that the SQ1+COM sampling strategies were amongst the least cost-effective
and most risky data. In turn, in DEA case 3, where the best overall performance across
sampling strategies was sought, the COM+SQ1 data revealed a reasonable compromise
when compared to all other data-specific sampling strategies, particularly in 2016. Similar
reasoning also applied to plaice and herring.

Such conflicting findings emphasize the importance of defining appropriate and
clear objectives prior to putting any management plan into action, especially because
the costs of the best selected sampling strategies within the three DEA cases can dif-
fer substantially. For example, if the most cost-effective sampling strategy based on
the 2015 data (DEA case 1) would be targeted by a resource manager, it would first
need to decide which species has to be prioritized given that the minimum sampling size
differed across species (cod=26 hauls; plaice=61 hauls; herring=111 hauls), and con-
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sequently the overall costs associated to the given sampling sizes (cod=378,249 DKK;
plaice=942,048 DKK; herring=1,498,832 DKK). Similarly, if a managers seeks the least
risk-averse sampling strategy (DEA case 2) for the same year, our results indicated that
slightly larger sampling sizes, hence increased sampling costs, would be required for cod
and plaice (cod: N=36, cost=539,302 DKK; plaice: N=95, cost=1,219,816 DKK),
whereas for herring both aspects could be considerably reduced (N=26; cost=378,249
DKK). Instead, if a manager would aim for cost savings while simultaneously minimizing
the abundance performance metrics (DEA case 3), then an intermediate sampling size
would be generally required for all species (cod: N=24, cost= 385,216; plaice: N=40,
cost=588,387; herring: N=43, cost=480,848).

It is often the case that resource managers seek to meet multiple objectives si-
multaneously, while in reality this is very difficult to achieve in an optimized way (Caugh-
lan & Oakley, 2001). As shown by our results, and equally by Xu’s et al. (2015), the
cost-effectiveness of each sampling strategy differed across species. Moreover, the cost-
effectiveness also revealed to be sensitive to the year in consideration. To this end, it is
evident that for any long-term sampling program, the costs and effectiveness/benefits
should be periodically assessed given the inherent spatiotemporal dynamics of the sur-
veyed species.

4.5 Conclusion

Collecting data from research surveys are expensive, and therefore it is desirable to
reduce their costs whenever possible without substantially reducing the quality of the
assessments. Our simulation study suggested that information from fishery-dependent
data can be borrowed reliably when reducing the sampling size of fishery-independent
data, hence reducing overall sampling cost. However, the cost effectiveness of the
different strategies varied by year and by species, so no general conclusions can be
drawn about the optimal mix of data. Nevertheless, the methods applied in this study
could be applied elsewhere and cost-effective strategies specific to other fisheries could
be identified in a similar manner.

4.6 Acknowledgments

This work was funded by the European Maritime and Fisheries Fund, and the Danish
Fisheries Agency (MSPTOOLS Project, grant agreement no. 33113-B-16-064; COFASP
ECOAST, grant agreement no. 321553). We are especially thankful to Marie Storr-
Paulsen (head of DTU Aqua monitoring section), who kindly provided the economic
data. We also thank Dr. Trevor Hutton for his initial thoughts on the work, and Line

Chapter 4 115



Integrating commercial fisheries and scientific survey data

Pinna, DTU Aqua, for providing the fishery-dependent data. Moreover, we are grateful
to all staff and researchers in any level of the data collection and/or sampling processing
under DTU Aqua. Lastly, we note that this study does not propose current or any
future level of expenditure for the Danish government and ICES monitoring programs,
nor recommendations on the sampling design of the ongoing monitoring programs. In
addition, we do not suggest the use of one data source in detriment of the other,
especially because we evaluated only a smaller fraction and selected case studies of the
data that is typically used in ICES stock assessment.

Data availability

The data underlying this article cannot be shared publicly due to sensitive information
contained in the fishery-dependent data. However, the metadata that resulted from the
simulations can be shared, together with the R scripts, on reasonable request to the
corresponding author.

Chapter 4 116



Appendix

4.A Sampling costs of the commercial and
survey data

The commercial data included costs of the on-board observer’s salary, their daily expenses
(e.g., daily subsistence including food and travel), and an additional payment for going
on-board of a commercial vessel. Observers also received an additional payment whenever
they needed to sleep on-board or experienced unpleasant work conditions (e.g., bad
weather conditions). Furthermore, we note that for the costs involving the additional
payment, only the average value was used since it is conditional on the vessel size, i.e.,
observers set on-board of smaller fishing vessels receive a higher monetary reward than
those going on-board bigger vessels. We assumed that all these costs in 2018 were fairly
representative of the average costs incurred in most years.

Conversely, the costs of both survey data that were carried out with the R/V
Havfisken included expenses related to the overall costs of the vessel deployment (e.g.,
fuel, ice, food, maintenance, and depreciation), the staff salary and their respective
travel costs, and the costs related to the processing of the biological samples. Here it is
important to stress that the costs of the vessel deployment is a fixed daily price within
a year, i.e., the research vessel is charged out on a per-day basis (M. Storr-Paulsen,
pers.comm.). Thus, despite depreciation costs would be normally regarded as a fixed
cost (e.g., Lam et al., 2011), in this way it becomes indeed a variable cost. Moreover,
we highlight that the laboratory processing costs were higher in the first-quarter (DKK
54,225) than in the fourth-quarter (DKK 43,522) as no biological sampling for age
reading is conducted for the latter period. Given the difficulty to calculate the laboratory
processing costs individually for each species sampled, we used the costs related to the
total amount of laboratory work spent on each quarter. We are aware that this is likely to
inflate the marginal costs described in section Cost-effectiveness analysis of the different
sampling strategies. Yet, provided that the bulk of the catches are represented by the
species considered herein, we deemed that this approximation would not substantially
affect the overall outcomes of the cost-effectiveness analysis.
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4.B LGNB model overview & calibration

We used the statistical spatiotemporal LGNB model developed by Rufener et al. (2020)
to estimate the abundance of cod, plaice and herring. The model was fundamentally
designed to combine fishery-dependent and –independent data in a hierarchical fashion,
where both observation and latent processes are modelled jointly. Given that each data
source arise from different monitoring objectives and sampling designs, it is natural
to expect that distinct levels of bias sources also arise in the abundance estimator.
The hierarchical approach confers therefore greater flexibility for the data integration,
since data-specific particularities can be tackled individually. For example, among the
two data sources five major differences were identified by Rufener et al. (2020) and
accounted for by the LGNB model, namely: (i) fishing effort (i.e., sampling effort), (ii)
fishing catchability, (iii) spatio-temporal sampling coverage, (iv) spatial extension of the
sampling unit, and (v) preferential sampling nature of the fishery-dependent data, if
present. The main assumption of the model is that the underlying abundance density
field (latent process) is the same irrespective of the data source. Conditional on this
field, the observation process can then be addressed separately for each data, filtering
out any potential bias source that was not handled by the latent process.

The latent process itself assumes that the abundance at nearby locations and
time periods are similar, and as such incorporates a spatiotemporal dependency term.
It can also account for a set of fixed-effect covariates that are thought to influence the
underlying abundance field. As in Rufener et al. (2020), we specified quarterly time-
steps and a 5-km spatial resolution to define the temporal and spatial correlation terms,
respectively. Moreover, as in Rufener et al. (2020), we included only the quarter of the
year as a fixed-effect term to capture the intra-annual abundance dynamics.

The observation process, in turn, requires more careful consideration as different
assumptions are made within each data source. Irrespective of the data source, the
observation process is described in terms of the catch-in-numbers (hereby Ntot), and
follows a negative binomial distribution due to the overdispersed nature of fisheries catch
data. One of the main differences between fishery-dependent and –independent data is
that the catchabilities of the latter case can be considered constant through space and
time whereas for the former this assumption does not apply. This is accounted for by the
model, and likewise in the present study, where the fishery-independent catch process
considers the vessel (R/V Havfisken) as a fixed-effect term to standardize the catch to
the survey vessel. Conversely, the fishery-dependent catch process includes the vessel
ID as an unstructured random-effect term, in addition to a métier fixed-effect term to
quantify the catch magnitude among the different fishing tactics.

Another important distinction that is often overlooked, but accounted for by
the model and equally in the present study, is the spatial extension of the trawled haul.
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While the fishery-independent data is often characterized by very short haul durations,
the opposite occurs for the fishery-dependent data. This has direct consequences on
the trawled distance, where the fishery-independent and -dependent hauls can be re-
garded as a single point-reference and line-transect, respectively. Based on this, the
model assures that the fishery-independent catches are allocated to the centroid of the
haul, whereas those of the fishery-dependent data are redistributed along the transect.
As this haul discretization explicitly accounts for variations in the fishing effort of the
fishery-dependent data, there is no need for further adjustments on the catch process.
Nevertheless, this is necessary in the fishery-independent data, where the model includes
an offset term for its catch process to adjust the catches to the sampling effort (hereby
the haul duration in minutes).

The model also allows to account for the preferential sampling issue that often
underlie the fishery-dependent data. If present, the catch process can be extended such
that it is described by a combination of both catch and sampling positions. To this end,
we conducted a sensitivity analysis to test whether the current fishery-dependent data
suffered from a preferential sampling. The results revealed that none of the considered
species and years were affected by a preferential sampling (Table 4.B.1); thus, we did
not consider this aspect in the current application. For an overview of the overall model
calibration, we refer to Table 4.B.2.

Prior to adapting the LGNB model for the simulation framework (described
in the next section), we conducted an additional sensitivity analysis to evaluate the
goodness-of-fit and the validation of the calibrated LGNB model. To do so, we used the
same approaches as in Rufener et al. (2020), where the model is validated by checking
the consistency in the fixed and random effect parameters, and the fit is inspected by
evaluating the residuals normality through QQ-plots and the Kolmogorov-Smirnov test.
For the three considered species in both years, our results indicated that the calibrated
model passed in both sensitivity tests (Figs. 4.B.1-4.B.2). We can thus use the calibrated
model for the simulation framework.

Lastly, once the model was calibrated and applied to the input data, it predicted
the abundance for each time resolution that was specified in the temporal correlation
(hereby every quarter), as well as for each grid vertex specified in the spatial correlation
(5x5 grid with 3076 vertices). To calculate the total abundance over the spatial grid
for a given quarter, we summed over the predicted abundance densities. This therefore
provided an abundance index for each quarter of the year. However, given that our main
interest was in evaluating inter-annual differences, we averaged the quarterly abundance
indices for a given year.
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Table 4.B.1: Magnitude of the preferential sampling (PS) estimated by the LGNB
model for the fishery-dependent data of the different species and years. The PS
is described through the α-parameter, which is related to the distribution of the
sampling positions. While values towards +∞ are indicative of a positive preferential
sampling (i.e., areas with high fish densities are being targeted, hence sampling
positions become concentrated in space), values towards −∞ indicate a negative
preferential sampling (i.e., areas with low fish densities are being targeted). The
closer the α-parameter gets to zero, the stronger the indication of a non-preferential
sampling. From the sensitivity test, we can therefore conclude that none of the
species in any of the considered years is affected by a preferential sampling due to
the very low α values. The numbers in parenthesis indicate the standard error of
the parameter.

Species Year PS (α)
2015 0.83 (0.2)Cod 2016 0.57 (0.1)

Plaice 2015 0.16 (0.1)
2016 0.87 (0.1)
2015 -1.49 (0.6)Herring 2016 -2.18 (0.6)
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Figure 4.B.3: Quantile-Quantile plots of integrated LGNB model’s residuals from
the species-specific case studies.
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Figure 4.B.1: Validation of the 2015 species-specific LGNB models by contrasting
the shared parameters of the fixed effects (upper panels) and random effects (lower
panels) between the survey and integrated (survey+commercial) data. The model is
validated whenever a linear trend between the shared parameters can be confirmed,
which is also reflected in the test statistics proposed by Rufener et al. (2020). The
test statistics basically checks that the shared fixed/random effect parameters of the
integrated model are within the confidence regions of the survey data, with p-values
greater than 0.05 confirming this hypothesis.

Figure 4.B.2: Validation of the 2016 species-specific LGNB models by contrasting
the shared parameters of the fixed effects (upper panels) and random effects (lower
panels) between the survey and integrated (survey+commercial) data. Result inter-
pretations are as described in Figure 4.B.1
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4.C Supporting results

Table 4.C.1: Summary of the removal of the species-
and year-specific outliers based on Tukey’s upper and
lower fences1. Note that per species and year, the
simulation across all sampling strategies yielded 57000
abundance estimates (114*500)2.

Species Year No of outliers Data loss (%)
2015 451 0.7Cod 2016 534 0.9

Plaice 2015 52 0.08
2016 195 0.33
2015 8049 13Herring 2016 7911 13

1 Upper fence = Q3 + 1.5*IQR, lower fence= Q1-
1.5*IQR; where Q1 and Q3 are the first and third
quartiles, respectively, and IQR is the interquartile
range (Q3-Q1).

2 Though there are 120 sampling strate-
gies, six strategies are based on scenar-
ios in which 100% of the data were used
(1_1_1, 1_0_1, 1_1_0, 0_1_1, 0_0_1,0_1_0).
Thus, only 114 strategies are simulated.
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Figure 4.C.1: Boxplot of the simulated cod-2015 abundances for (a) SQ1,
(b) SQ4, (c) COM, (d) SQ1+SQ4, (e) COM+SQ1, (f) COM+SQ4, (g)
COM+SQ1+SQ4. Data acronyms stand for: COM = commercial, SQ1 = first
quarter survey data, SQ4 = fourth quarter survey data
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Figure 4.C.2: Boxplot of the simulated cod-2016 abundances for (a) SQ1,
(b) SQ4, (c) COM, (d) SQ1+SQ4, (e) COM+SQ1, (f) COM+SQ4, (g)
COM+SQ1+SQ4. Data acronyms stand for: COM = commercial, SQ1 = first
quarter survey data, SQ4 = fourth quarter survey data
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Figure 4.C.3: Boxplot of the simulated plaice-2015 abundances for (a)
SQ1, (b) SQ4, (c) COM, (d) SQ1+SQ4, (e) COM+SQ1, (f) COM+SQ4, (g)
COM+SQ1+SQ4. Data acronyms stand for: COM = commercial, SQ1 = first
quarter survey data, SQ4 = fourth quarter survey data
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Figure 4.C.4: Boxplot of the simulated plaice-2016 abundances for (a)
SQ1, (b) SQ4, (c) COM, (d) SQ1+SQ4, (e) COM+SQ1, (f) COM+SQ4, (g)
COM+SQ1+SQ4. Data acronyms stand for: COM = commercial, SQ1 = first
quarter survey data, SQ4 = fourth quarter survey data
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Figure 4.C.5: Boxplot of the simulated herring-2015 abundances for (a)
SQ1, (b) SQ4, (c) COM, (d) SQ1+SQ4, (e) COM+SQ1, (f) COM+SQ4, (g)
COM+SQ1+SQ4. Data acronyms stand for: COM = commercial, SQ1 = first
quarter survey data, SQ4 = fourth quarter survey data
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Figure 4.C.6: Boxplot of the simulated herring-2016 abundances for (a)
SQ1, (b) SQ4, (c) COM, (d) SQ1+SQ4, (e) COM+SQ1, (f) COM+SQ4, (g)
COM+SQ1+SQ4. Data acronyms stand for: COM = commercial, SQ1 = first
quarter survey data, SQ4 = fourth quarter survey data
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Abstract

Fishing closures and marine protected areas are essential measures
in fisheries management. This study applied a statistical species distribution
model (LGNB-SDM) to design various types of fishing closures based on the
concept of essential fish habitats. The potential effect of these closures were
subsequently evaluated with the spatial-explicit management strategy evalua-
tion tool DISPLACE to identify the optimal balance between socio-economic
and biological impacts and sustainability demands within an ecosystem ap-
proach. The application focused on the management of the western Baltic
(WB) cod, for which we used a recent 15-year time-series (2005-2019) to un-
ravel persistent nursery and spawning grounds. Three potential nursery and
one spawning closures were identified, with most of the spawning closure over-
lapping one of the nursery closures. These closures were further compared
against a standard seasonal spawning closure that was enforced until 2019.
Overall, our simulations indicated that all fishing closures were beneficial to
both supporting fisheries and the WB cod recovery. Fishing effort was nev-
ertheless largely displaced towards other fishing grounds with redirection of
catches to other fish stocks. We argue that the higher economic return was
due to the increased catches of other stocks, rather than a direct consequence
of the WB cod recovery in mid-term perspective. Results regarding specifi-
cally the protection of nursery and spawning grounds remained inconclusive
as no substantial differences were found among them; however, both led to
higher spawning stock biomass and economic return, despite at a lower level
than the standard spawning closure. We conclude that the standard spawning
closure was the most beneficial in terms of socio-economic and biological re-
turns, and that it is paramount to account for the socio-economic components
when evaluating the effectiveness of fisheries closures.

Keywords Ecosystem approach to fisheries management (EAFM), essential
fish habitats (EFH), hotspot persistency analysis, individual-based models
(IBM), marine protected areas (MPA), species distribution models (SDM).
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5.1 Introduction

Fisheries management relies on a combination of regulation tools, some of which are
aiming at controlling the fishing mortality (output controls) and others the fishing effort
and capacity (input controls). The European fisheries management has been primar-
ily focused on achieving maximum sustainable yields (MSY), whereby Total Allowable
Catches (TACs) are typically set on a single species and annual basis to control for the
fishing mortality (CFP, 2013; Marchal et al., 2016). These are often supplemented with
technical management measures that generally regulate the fishing effort by setting, for
example, fishing closures, minimum conservation reference size (MCRS), gear and mesh
restrictions, among many other measures (e.g., Bellido et al., 2020; Suuronen & Sarda,
2007).

Marine protected areas and fishing closures have gained particular attention over
the last decades given their potential for promoting sustainable fisheries exploitation,
while also serving as conservation areas for marine habitats and other species (e.g.,
Gaines et al., 2010; Pendleton et al., 2018; Watson et al., 2014). Typically, closures
are believed to enhance the abundance of exploited species through both spill-over and
export mechanism (Goñi et al., 2010; Halpern et al., 2004), and may benefit habitats and
marine species from preserved biodiversity and restored ecosystem with its functioning
(Halpern & Warner, 2002; Lester et al., 2009; NRC, 2001). The closures can be broadly
classified according to their duration (seasonal or permanent) and the level of fishing
restriction (no-take or partial-take). For example, at the most protective end of the
spectrum are the permanent no-take closures where marine areas are permanently closed
for all kinds of fishing activities (aka marine protected areas, MPAs). On the other side
of the spectrum are the seasonal partial-take closures, where marine areas are closed
only during specific times of the year and for specific fishing activities.

Ideally, the establishment of fishing closures should also rely on the identification
of essential fish habitats (EFHs). Within the European context, EFHs are defined as
those areas that are vital to the biological and ecological requirements of critical life-
history stages of exploited fish species (STECF, 2006), and were introduced indirectly in
the Common Fisheries Policy (CFP) through the EnviEFH action plan (Støttrup et al.,
2019; Valavanis, 2009). This includes areas where fish aggregate to spawn (spawning
grounds), grow (nursery grounds), and/or feed (feeding grounds). Of these areas, spawn-
ing and nursery grounds are particularly vulnerable to fisheries given that fishing practice
inside these areas can erode both adults and juveniles from the population, which are key
aspects to maintain a healthy stock. For example, van Overzee and Rijnsdorp (2015)
discussed that fishing during the spawning period can cause several side-effects on the
stock structure and overall spawning behavior, including higher mortality towards the
older and larger individuals, changes in the sex ratio when males and females exhibit
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different spawning behaviors, and changes in the physiological response to the spawning
disturbance which often affect the quality and/or quantity of the offspring.

All these factors can subsequently lead to a recruitment overfishing and ulti-
mately to the collapse of the stock. Hence, setting spawning closures are thought to
improve the reproductive output (thus, recruitment), besides reducing the evolutionary
effects of fishing and reestablishing the stock structure (Grüss et al., 2014; van Overzee &
Rijnsdorp, 2015). Conversely, preserving nursery areas are likely to reduce the unwanted
mortality of juvenile and unmarketable fishes (Støttrup et al., 2019), with further po-
tential of enhancing the spawning and the exploitable biomass by letting the fish grow
enough to eventually reproduce (Grüss et al., 2019; NRC, 2001). Identifying nursery and
spawning areas of exploited stocks is, thus, of utmost importance to establish robust
conservation plans, and is indeed a first step towards the ecosystem approach to fisheries
management (EAFM;FAO, 2003).

Species distribution models (SDMs) are particularly well suited for this purpose,
given that they enable to predict where, and to which extent, fisheries resources aggregate
along their life stages (Grüss et al., 2019; Paradinas et al., 2015; Pennino et al., 2016;
Pennino et al., 2018; Rufener et al., 2017; Rufener et al., 2020). SDMs usually relate
the presence/absence (or abundance) of a species to a set of environmental predictors,
and are often embedded within a statistical context. One such model is the LGNB-SDM
(Rufener et al., 2020), which is a state-space model that allows to estimate and predict
the fish abundance dynamics by using several fishery-related data while accounting for
spatial and temporal correlations. When both fishery-dependent and fishery-independent
data are available, this model becomes especially valuable as information from both data
sources can integrated, conferring thereby a more comprehensive and detailed perception
of the spaito-temporal abundance dynamics.

A second step into the EAFM is the evaluation of the multiple effects that
fishing closures could have on other components than the stock itself, such as the
fishery and fishing behavior including the fishery economic efficiency and the income of
the fishermen. A vast body of literature report that fisheries closures do not necessarily
reduce the overall effort but typically reallocate the effort towards other areas, targeting
either the same or other species where some vessels disperse more widely to reach other
profitable fishing grounds and others congregate along the closure boundaries (e.g.,
Bastardie et al., 2017a, 2017; Bastardie et al., 2010b; Bastardie et al., 2015; Bastardie
et al., 2014; Dinmore et al., 2003; Horwood et al., 1998; Rijnsdorp et al., 2001). There
is, thus, a clear response from the fishers as an attempt to compensate the possible short-
and medium-term economic losses caused by the implementation of a closed area. From
a biological perspective, however, such effort displacement can be damaging when the
pressure increases towards other species, other life stages of the same or other species,
or marine habitats (Bastardie et al., 2017; Bastardie et al., 2020; Bastardie et al., 2015),
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and can accordingly undermine the overall conservation efforts and benefits.
In this context, management strategy evaluation (MSE) tools that have been

specifically designed to evaluate different management scenarios on the fisheries socio-
economic and ecological demands can be of crucial importance to assist the EAFM
(Bunnefeld et al., 2011; Holland, 2010; R. Nielsen et al., 2018). This is especially
valuable in the context of fishing closures, given they can provide means for a more
holistic and interdisciplinary evaluation of the effects of closed areas to fishing and de-
sign more optional closures across several parameters and indicators. The spatial explicit
bio-economic model DISPLACE (Bastardie et al., 2014), for instance, represents such
a framework, and was primarily developed to support fisheries-related management is-
sues within the EAFM and the larger scope of marine spatial planning (MSP). Briefly,
DISPLACE evaluates the interlinked effects that alternative harvest control rules have
on the biological (e.g., fishing mortality), behavioral (e.g., fishing effort displacement),
and economic (e.g., revenue from fishing) components, where the underlying model is
an agent-based model that simulates individual fishing vessels as a function of resource
availability and individual fishing agent incentives. In this way, DISPLACE can test
various management actions, including fisheries closures, and can thereby shed valuable
insights into the performance and robustness of the management strategy under concern
(e.g., Bastardie et al., 2017a, 2017; Bastardie et al., 2020; Bastardie et al., 2015). On
this basis, the primary goal of this work was to use the LGNB-SDM to identify persistent
nursery and spawning grounds of fishery resources. Secondly, we aimed at evaluating
the potential side-effects that these grounds could have on the fisheries economics and
fisheries resources by using the DISPLACE framework. Given that the underlying pop-
ulation dynamics model in DISPLACE uses a coarser spatio-temporal resolution than
LGNB-SDM to describe the resource availability (see Bastardie et al., 2020; Bastardie
et al., 2015), we additionally evaluated whether the DISPLACE population model could
be improved by integrating the LGNB-SDM directly into the framework.

We focused our methodological application on the western Baltic (WB) cod
stock, as there has been recent debate on the complexity and efficiency in designing
spawning closures for this stock (Eero et al., 2019). The main reason for this difficulty
relates to the fact that the WB cod is highly dynamic in space throughout its life cycle
(Hüssy, 2011, and references therein) and overlap to some extent in nursery areas with
other cod stocks (i.e., eastern Baltic cod), hampering as such detailed identification of
core nursery and spawning grounds. The WB cod stock is mainly targeted by trawlers
and gillnetters, and is currently managed under a TAC regime that is further supported
by technical management measures, including MCRS and fishing gear regulations (E.C.,
2016). A historical trawling ban has been in place in the Øresund (ICES SD 23) since
1932, and in 2016 a seasonal closure covering the entire western Baltic Sea (SD 22-
24) was implemented from February 15 to March 31 as part of the Baltic multi-annual
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management plan (E.C., 2016). This closure was further extended during 2017-2018
(February 1-March 31), and was in 2019 removed as a response to the increased stock
size that was due a strong year-class incurred in 2016 (ICES, 2019a, 2018). Albeit the
overall aim of this spawning closure was to improve the stock status (Eero et al., 2019),
little is known about its socio-economic and biological impacts (ICES, 2019b; STECF,
2016). Thus, an ultimate aim of this work was also to select a relevant case study for
implementation of our methods to evaluate what were the potential effects of the WB
cod standard spawning closure on the fishery exploiting the stock and on the cod stock
status itself. This was done in order to support management decisions according to the
EAFM under the EU Common Fisheries Policy (CPF; CFP (2013)).

Overall, we hypothesized that (i) coupling the LGNB-SDM to DISPLACE yields
more precise predictions of the WB cod resource availability, (ii) using a comprehen-
sive database of fishery-dependent and –independent data provides additional insights
onto the WB cod spatial dynamics, and accordingly unravels core nursery and spawning
hotspots, (iii) smaller closures based on the persistent nursery and spawning grounds will
deliver the same performance than the standard WB cod 2-month full area closure, yet
at a lower price with a greater economic return in the mid-term, and lastly (iv) nursery
closures can be as effective as spawning closures from a biological and fisheries economic
perspective.

5.2 Material & Methods

To evaluate the effect of alternative fisheries closures, i.e., nursery and spawning closures,
we first modelled the spatio-temporal abundance dynamics of juveniles and spawners to
identify core nursery and spawning grounds, whereby spawners were considered as adult
individuals in the spawning season.

This involved four consecutive steps (Fig. 5.2.1), namely: (i) compiling fishery-
dependent and –independent data, (ii) applying the LGNB-SDM to model the abundance
distribution of juveniles and spawners, (iii) identifying abundance hotspots for both ju-
veniles (nurseries) and spawners, and (iv) identifying persistent nursery and spawning
ground hotspots. Once identified, these grounds were used as input in the bio-economic
model DISPLACE, and outcomes were traded-off to find the more optimal closure de-
sign that would minimize the costs of the fishery (step 5 in 5.2.1). Below we describe
all these steps separately, as well as the DISPLACE calibration procedures and further
description on the evaluation approach that was used to quantify the effectiveness of the
different closures and management approaches therein.
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Figure 5.2.1: Schematic overview of the methodological approach. Steps 1-4 are
explicit to the identification of persistent spawning and nursery grounds, which are
subsequently assigned as alternative fishing closures (i.e., nursery and spawning
closures) in step 5. Note that the last step is common to all the management
scenarios tested in this study.

Compilation of fishery-dependent and –independent data

We compiled 15 years of data from the Danish fishery-dependent and fishery-independent
bottom trawl monitoring programs that were conducted between 2005-2019 in the west-
ern Baltic Sea (ICES SD 22-24) (Fig. 5.2.1).

The fishery-dependent data comprised information from 525 hauls covered by
the on-board observer’s program, and was provided by the Danish Institute of Aquatic
Resources (DTU Aqua). The main aim of this program is to gather information on the
discards rates of all demersal fisheries on a haul-by-haul level, except those in which dis-
carding is negligible (Feekings et al., 2012; Storr-Paulsen et al., 2012). Besides, on-board
observers also collect information of fishing effort data (e.g, fishing time, geographical
positions, and specific vessel features like gear type, mesh size, vessel length and engine
horsepower), and biological data from the catch, such as species, individual fish lengths,
weights and otoliths for age determination. The sampling design in the observer pro-
gram is, a priory, randomly stratified according to ICES area, quarter of year and vessel
groups (Storr-Paulsen et al., 2012). However, given that observers need permission from
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the skippers to go on-board their fishing vessels, sampling becomes rather quasi-random
once not all skippers are willing to accept observers on-board.

The fishery-independent data, in turn, included information from 2291 hauls
from the Baltic International Trawl Surveys (BITS), publicly available at the ICES
Database of Trawl Surveys website (DATRAS; http://www.datras.ices.dk/). The BITS
program aims at assisting stock assessment models by tuning the time-series of the
commercially most important fish stock from the Kattegat-Baltic Sea. The sampling
is conducted on a biannual basis (1st and 4th quarter), and relies on a random strati-
fied design where the ICES subdivisions and the depth layers therein (10-39 and 40-59
m) are used as sampling strata (ICES, 2017; R. Nielsen et al., 2014; R. Nielsen et al.,
2013). The allocation of the sampling stations is based on the cod’s spatial distribution
and its abundance. Whereas the bulk (60%) of the planned stations are randomly allo-
cated along with the different ICES subdivisions and depth strata, the remaining stations
(40%) are randomly placed in those areas where cod’s catch was high in the last 5-year
running mean (R. Nielsen et al., 2014; R. Nielsen et al., 2013).

Modelling the abundance distribution of juveniles and
spawners

We used the log-Gaussian negative binomial point process model (LGNB) developed by
Rufener et al. (2020), to estimate and predict the spatio-temporal abundance dynamics
of juveniles (A0-A2) and spawners (A3-A5+) (Fig. 5.2.1).

The LGNB model is essentially a statistical species distribution model (thus
LGNB-SDM) that can integrate fisheries-dependent and –independent data sources si-
multaneously, while filtering out their relative bias contributions in the abundance esti-
mator (Rufener et al., 2020). Within the LGNB-SDM, the abundance (catch in numbers,
N) is modelled via spatially and temporally correlated residuals, thereby allowing captur-
ing the spatial and temporal dependency and correlation that are inherent to fisheries
data. This requires the specification of a spatial grid, where the abundances are predicted
for each time-period that is defined by the user. For the present study, we constructed a
10x10 km grid (772 grid cells) covering the western Baltic Sea with a monthly temporal
resolution (180 time-periods, from January 2005 to December 2019).

To model the spatio-temporal abundance dynamics of the two life stages, we
followed the predict first, assemble later (PA) approach proposed by (Ferrier & Guisan,
2006). Specifically, this approach involved fitting a separate LGNB-SDM for each age
group, where in a second step we assembled the age-specific abundance distribution
maps within the given life stage as a means to produce distribution maps of the total
spawner/recruit abundance (Fig. 5.2.1). Unlike the assemble first, predict later (AP)
approach (Ferrier & Guisan, 2006), the PA method allows capturing more precisely the

Chapter 5 142

http://www.datras.ices.dk/


Integrating commercial fisheries and scientific survey data

spatio-temporal abundance dynamics since the age-specific responses are taken into ac-
count individually (Barker et al., 2014; Steinmann et al., 2009). For further details
on the model, its calibration and validation, we refer to Appendix 5.A, including Fig-
ures 5.A.1-5.A.2.

Identifying nursery and spawning hotspots

Once all models were validated and the predicted abundance maps were assembled, we
identified areas that hosted the highest aggregations of juveniles and spawners, i.e.,
henceforth referred as nursery and spawning hotspots. Depending on the research field,
different connotations can underlie the term hotspot (e.g., Nelson & Boots, 2008, and
references therein). For the purpose of this study, however, we adopted the concept
of Petitgas et al. (2016) where hotspots are defined as those areas in which a high
abundance concentration occurs.

A main hurdle in defining hotspot areas is that they are often based on a sub-
jective threshold value to differentiate between hot and coldspot areas (Bartolino et al.,
2011; Nelson & Boots, 2008). However, over the last decade increased attention has
been given to the development of more objective measures, such as the spatial frequency
method and the geostatistical method proposed by Bartolino et al. (2011) and Petitgas
et al. (2016), respectively. Given that the LGNB-SDM already takes into account spa-
tial correlation, we used Bartolino’s et al. (2011) approach to identify juvenile and adult
abundance hotspots.

Within this method, the hotspot threshold is defined upon the geometric prop-
erties of the cumulative relative frequency distribution (CRDF) curve (Bartolino et al.,
2011). The curve itself describes the frequency distribution of the abundance (y-axis)
as a function of the relative abundance of juveniles/spawners (x-axis), with both axes
ranging from 0 to 1. From this curve, the hotspot threshold is then identified as the
x-value where the slope of the tangent is 45◦ (Fig. 5.2.1). The choice of this particular
value relates to the fact that it identifies areas in which the abundance is proportional to
the frequency, i.e., the relative increase along the y-axis is equal to the relative increase
along the x-axis (Bartolino et al., 2011). Values above this threshold imply that the
relative increase is higher in the juvenile/spawner abundance than in frequency distribu-
tion, whereas smaller values imply the opposite reasoning (Bartolino et al., 2011; Colloca
et al., 2009).

For both juveniles and spawners, we derived monthly thresholds along the entire
time-series using the R programming platform (R Core Team, 2019). Because spawning
aggregations tends to occur in very specific months (van Overzee & Rijnsdorp, 2015),
for the spawner life stage we selected only those months (January-March) in which the
main peak of the WB cod spawning is known to occur (Hüssy, 2011; ICES, 2019c).

Chapter 5 143



Integrating commercial fisheries and scientific survey data

Thus, along with the time series, we retrieved 45 spawner thresholds (Jan.-Mar. from
2005-2019) and 180 nursery thresholds (Jan.-Dec. from 2015-2019).

Identifying persistent hotspots

To examine the consistency of the hotspots over the time series, hence identifying the
most effective and sensitive nursery and spawning habitats, we used a similar approach
as Fiorentino et al. (2003) and Colloca et al. (2009). Particularly, for each cell i of the
spatial grid we calculated an index of hotspot persistence (HP) as:

HPi =
∑n
k=1 δi
n

(5.1)

where n is the number of months (i.e., time-periods; 180 for juveniles, 45 for spawners),
δi = 1 if the grid cell i in time-period k is a nursery/spawning area, and δi = 0 otherwise.
This index ranges between 0 (grid cell i was never considered as a hotspot) and 1 (grid
cell i was consistently identified as a hotspot throughout the time-periods) (Fig. 5.2.1).
Here, arbitrary thresholds could be imposed to identify the persistent hotspots that
would have different impacts on the size, shape and number of the final set of identified
hotspots. Yet, as the EU STECF (2019) recommends selecting values >0.75, we used
a global threshold of 0.8 to delineate persistent, and very conservative, nursery and
spawning grounds. These areas were then converted into GIS shapefile layers such that
they could be imported as closure areas in the DISPLACE simulations (see next section).
All GIS handling procedures were conducted through the R programming software (R
Core Team, 2019).

The DISPLACE western Baltic application and calibration

To benchmark the effectiveness of (i) improved DISPLACE population dynamics model,
(ii) standard spawning closure, and (iii) alternative closures, we used the Baltic Sea
wide DISPLACE application (Bastardie et al., 2020). We tailored this application to the
western Baltic Sea area such that the results would strictly reflect the fish and fishery
dynamics of this area. A detailed description of DISPLACE and, more specifically, the
DISPLACE Baltic Sea application is provided in Appendix 5.B.

As in Bastardie et al. (2020), we set the calibration year to 2016, which was
based on the management actions defined by the Baltic multi-annual management plan
(E.C., 2016). This included the seasonal closures for the western Baltic (February 1
to March 31) and the eastern Baltic (July 1 to August 31) cod, besides the biological
reference and target points that are set by the EU CFP-related TACs and FMSY (see
Bastardie et al., 2020, for more details). We referred to this conditioning as the standard
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Table 5.2.1: Description of the management scenarios that were tested by the
DISPLACE Baltic Sea application.

Secenario Description

Standard spawning
closure

All management actions are set as the Baltic multi-
annual management plan (EC, 2016), which includes a
2-month (February 1st to March 31st) seasonal closure
for the cod fisheries throughout the western Baltic Sea
(ICES SD 22-24).

No closure As the standard spawning closure scenario, but without
the implementation of the seasonal closure.

Alternative spawn-
ing closure

The standard seasonal spawning closure is replaced by
the persistent spawning grounds that were identified by
the LGNB-SDM (Fig. 5.3.2 and Table 5.3.1).

Nursery closure

The standard seasonal spawning closure is replaced by
the persistent nursery grounds that were identified by
the LGNB-SDM (Fig. 5.3.2 and Table 5.3.1). All other
management actions from the Baltic multi-annual plan
are considered.

DISPLACE-LGNB

As the standard spawning closure scenario, but with a
much more refined description of the underlying WB
cod abundance dynamics that is provided by the LGNB-
SDM.

closure scenario, for which we conducted 50 stochastic simulations mimicking a 5-year
horizon (2016-2020) at an hourly time resolution (Table 5.2.1).

From the simulations, we retrieved biological and exploitation indicators covering
the biological (spawning stock biomass (SSB), fishing mortality (F), catches (total and
cod-specific), and landings (total and cod-specific), behavioural (fishing effort, steaming
effort, number of fishing trips and trip duration), and economic (revenue, net present
value - NPV, value per fuel unit – VPUF, and income inequality) components (step 5 in
Fig. 5.2.1; Table 5.B.1).

Evaluating the effectiveness of the DISPLACE-LGNB coupling

Since the uncertainties associated to the spatio-temporal resource availability is likely
to affect the outcomes of the fisheries management plan under concern (Bastardie et
al., 2015), a higher reliability of the DISPLACE simulations is expected to be achieved
when using more detailed and high-resolution data sources. Thus, considering that the
LGNB-SDM provides more robust and reliable abundance estimates with a much higher
temporal resolution, we tested as a first scenario a case where we coupled the LGNB
model directly to the DISPLACE routine (see Appendix 5.C for more details). This was
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essentially the same as the standard closure scenario, except for how the underlying
resource availability was informed and modelled (Table 5.2.1). As for the standard
closure scenario, we simulated this scenario for 5 years at an hourly time interval with 50
replicates. To evaluate the effectiveness of the coupling, we compared the performance
of each indicator (Table 5.B.1) against the standard closure scenario and quantified the
magnitude of difference in relative terms.

Evaluating the effectiveness of standard and alternative fishing closures

To evaluate the effectiveness of the standard western Baltic seasonal closure and those
proposed from the LGNB-SDM outcomes (Table 5.2.1), we first simulated a scenario in
which no seasonal WB closure is considered (henceforth no closure scenario; Table 5.2.1).
As for all other scenarios, these scenarios were simulated with 50 replicates along a 5-
year time span. The socio-economic and ecological indicators from the standard and
alternative fishing closures were then compared in relative terms against the no closure
scenario.

5.3 Results

Spatio-temporal dynamics of juveniles and spawners
abundance hotspots

The predicted spatio-temporal abundance maps from the LGNB-SDM showed high levels
of inter- and intra-annual variability for both juveniles and spawners, in addition to strong
spatial segregation between the two life stages (Fig. 5.D.1 and 5.D.3). Whereas juveniles
were mainly found in the surroundings of the Bornholm island and the Arkona Basin,
spawners were more widespread and occurred predominantly in the Øresund straight
and in the Arkona Basin west of Bornholm (Fig. 5.D.1 and 5.D.3). This seasonal and
yearly variability was consequently reflected on the CRDF hotspot thresholds (Fig. 5.2a
and 5.2d), where the thresholds were slightly more variable for the juveniles (min=0.12,
max=0.41; Fig. 5.2b) than for the spawners (min=0.09, max=0.27; Fig. 5.2e).

When analyzing the persistency of these aggregation areas along the 15-year
time-period, we identified three hotspots of nursery grounds and two of spawning grounds,
with one overlapping ground located west of Bornholm (Fig. 5.3.2). All nursery grounds
(NG1-NG3) were situated in the Arkona Basin, while one spawning ground (SG1) oc-
curred in the Øresund straight and the other in the Arkona Basin (SG2). We therefore
assigned these grounds as alternative candidates for closed areas in the DISPLACE simu-
lations (Table 5.3.1), except for SG1 that lied within the permanent closure area. Among
the identified closures, the biggest one was identified for NG2 (2575 km2), followed by
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SG2 (1333 km2). Conversely, the smallest closure belonged to NG1, with a total surface
of 400 km2 (Table 5.3.1).

Figure 5.3.1: Summary of the abundance hotspot analysis conducted for cod
juveniles (upper panels) and spawners (lower panels). Panels (a) and (d) denote
the CRDF curve, and (b) and (e) the corresponding thresholds derived from the 45o

slope tangent (see also Fig. 5.2.1 panels 3-4). Panels (c) and (f) are an example of the
frequency distribution of the estimated juvenile/spawner density in t=5, highlighting
the area (blue shading) that corresponds to the proportion of density above the
calculated threshold (juveniles=0.32, spawners=0.24).
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Figure 5.3.2: Map of the proposed fishing closure areas for the WB cod based on
the outcomes of the hotspot persistency analysis. Blue and yellow polygons refer to
the most vulnerable spawning and nursery grounds, respectively. Note that the SG1
box lies already within an area (the Øresund) in which towed-gear fisheries have
been permanently banned since 1932.

Table 5.3.1: Summary of the proposed fishing closure areas. The time-period
corresponds to the timing for which each closure is set in the DISPLACE simulations.
Acronyms stand for: SG = spawning ground, NG = nursery ground.

Closure Area (km2) Time period
SG2 1332.6 Jan.-Mar.
NG1 400.5 Permanent
NG2 2574.5 Permanent
NG3 833.1 Permanent
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Effectiveness of the DISPLACE-LGNB coupling

Coupling the more refined abundance dynamics obtained from the LGNB-SDM into
DISPLACE’s population dynamic sub-model did not substantially affect the behavioral,
biological and economic indicators for neither gillnetters nor trawlers, but provided the
variability that can be expected from a changing resource exploitation field around the
baseline (Fig. 5.3.3).

Figure 5.3.3: Boxplots of the behavioral, biological and economic indicators from
the simulated scenarios (DISPLACE and DISPLACE+LGNB). The percentages are
relative to the reference scenario (i.e., standard spawning closure without the LGNB
coupling).

The behavioral indicators in both fisheries remained essentially unchanged when
coupling the models. This is also in line with the spatial pattern of the simulated fishing
effort (Figure 5.3.4), where the relative difference was predominantly small throughout
the study area, except for some random grid cells in which the differences could be as
large as 100%. Conversely, for biological indicators such as the catches and landings,
the variability around the baseline was much more pronounced between the coupled and
un-coupled models, especially for the trawlers (Fig. 5.3.3). The coupling affected only
marginally the cod-specific catches and landings in both fisheries, with values ranging
between +12% to -10%. Yet, for the trawlers the median cod catches and landings
were slightly below the baseline (-0.5%), indicating thereby that the LGNB-SDM tends
to provide more conservative estimates than the standard DISPLACE framework. These
results are also in agreement with the spatial distribution maps of both total catches and
cod landings (Fig. 5.3.4). In the area east of the Arkona Basin the relative difference
in the cod landings was particularly large (Fig. 5.5c), showing that the LGNB-SDM is
able to capture more precisely the fine-scale cod dynamics in this particular area. The
economic indicators responded similar to the biological indicators with more conservative
estimates for the trawlers (Fig. 5.3.3).
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Effectiveness of the standard and alternative fishing closures

In spite of no significant difference was observed between the coupled and non-coupled
DISPLACE median outcomes, we evaluated the effectiveness of the standard and alter-
native fishing closures based on the DISPLACE-LGNB coupled framework to embed the
resource spatial variability that the LGNB-SDM is adding to the simulations.

The simulations indicated that the implementation of either the standard or
alternative fishing closures affected considerably the spatial distribution of the fishing
effort, compared to the baseline in which no fishing closure was considered (Fig. 5.3.5).
While the standard spawning closure resulted in redirection of effort towards the Kat-
tegat, Øresund, eastern Baltic, and coastal areas of the western Baltic, the alternative
closures (spawning and nursery) resulted in displacement of the effort mainly towards
the eastern Baltic and to some extent to the closure boundaries or the vicinity of fishing
closures. Accordingly, the difference in the effort displacement among the evaluated clo-
sure scenarios resulted in different depletion rates of the underlying stocks, thus affecting
all indicators considered herein.

Chapter 5 151



Integrating commercial fisheries and scientific survey data

F
ig
ur
e
5.
3.
5:

Sp
at
ia
ld

ist
rib

ut
io
n
of

th
e
5-
ye
ar

cu
m
ul
at
iv
e
fis
hi
ng

eff
or
t
(le

ft
pa

ne
ls)

,t
ot
al

ca
tc
he
s
(m

id
pa

ne
ls)

,a
nd

W
B

co
d

la
nd

in
gs

(r
ig
ht

pa
ne
ls)

av
er
ag
ed

ov
er

th
e
50

re
pl
ic
at
es
,
w
he
re

(a
)
is

th
e
no

-c
lo
su
re

sc
en
ar
io
,
(b
)
th
e
st
an

da
rd

sp
aw

ni
ng

cl
os
ur
e

sc
en
ar
io
,(
c)

th
e
al
te
rn
at
iv
e
sp
aw

ni
ng

cl
os
ur
e
sc
en
ar
io
,a

nd
(d
)t

he
nu

rs
er
y
cl
os
ur
e
sc
en
ar
io
.
Po

ly
go
ns

in
pa

ne
ls
(c
)a

nd
(d
)d

en
ot
es

th
e
al
te
rn
at
iv
e
fis
he
rie

s
cl
os
ur
es
.

Chapter 5 152



Integrating commercial fisheries and scientific survey data

Standard spawning closure

The implementation of the standard spawning closure was beneficial to both trawl and
gillnet fisheries given that they experienced an increase in their economic fishing efficiency
(VPUF) and, thereby, in their income from landings and profits (NPV) (Fig. 5.3.6).
Nevertheless, the exploitation pattern between the two fisheries was very distinct. The
higher fishing pressure that was observed in the Øresund and in the coastal areas of the
WB is likely a result driven by the gillnet fisheries, as they spent more time fishing (fishing
effort increased by +2.2%) in areas closer to their departure harbor (steaming effort
decreased by -20%). The increased fishing effort, together with changing spatial effort
allocation, resulted in higher cod targeting where the catches and landings increased
up to 25% each (Fig. 5.3.6). Further analysis revealed that gillnetters also increased
catches and landings of other species, especially of plaice and turbot (Fig. 5.D.5 and
5.D.6). Trawlers, in turn, caught and landed significantly less cod (-25% each), mainly
because they reduced the number of trips at sea (-8%) and overall fishing effort (-2%)
(Fig.5.3.6).

Figure 5.3.6: Boxplots of the behavioral, biological and economic indicators from
the simulated fishing closure scenarios. The percentages are relative to the no closure
scenario (Tables 5.2.1 and 5.B.1).
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Our simulations also showed that in the mid-term, the lowered fishing pressure
was beneficial for the cod stock level as a big increase in cod abundance was obtained in
our simulations (Fig. 5.3.7). While the median fishing mortality F was reduced by 33%
compared to the reference scenario (no closure), the median SSB increased by roughly
250%. Although trawlers had a higher income when compared to the reference scenario
(revenues and profits increased by 25% each; Fig. 5.3.6), it is very unlikely that this
could have been caused by the stock recovery. In fact, the higher fishing effort that was
observed in the eastern Baltic and the Kattegat (Fig. 5.3.5) indicate that the trawlers
redirected their fishing effort towards other cod stocks and other fish species as the total
catches and landings increased up to 25% despite the closure restrictions (Fig. 5.3.6).
Additional analysis revealed that catches and landings from the Kattegat cod, herring and
sprat stocks increased substantially over the simulated period (Figs. 5.D.7 and 5.D.8),
which is in agreement with the spatial pattern of the total catches (Fig. 5.3.5).

Figure 5.3.7: Boxplots of the scenario-specific biological indicators (F=fishing
mortality, SSB=spawning stock biomass), with 50 stochastic replicates per scenario.
All biological indicators are expressed as the ratio of the final over the initial value
of the given indicator, where the initial and final states relates to the first and last
time step of each simulation, respectively.

Alternative spawning closure

The application of such a management plan clearly released the fishing pressure from
inside the closure, and no catches of cod were originating from this particular area (Fig.
5.6c). However, an increase in fishing pressure was detected in the southerly limits of
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the closure (Fig. 5.3.5). Some of these pressures were indeed located inside (and around
of) two of the herein proposed nursery closures (NG2 and NG3), suggesting that the
fisheries is potentially targeting the younger portion of the WB cod stock still available
to the fisheries.

When evaluating the effect of the alternative spawning closure for the WB cod
targeting fisheries, we noted that the gillnet fisheries were not significantly affected, apart
from the 15% reduction in the income inequality and the stock becoming more evenly
distributed (Fig. 5.3.6). However, there were a considerable reduction in the catches and
landings of the WB cod when compared to the standard spawning scenario (Fig. 5.3.6),
where some gillnetters redirected their effort to other stocks, with a substantial catch in-
crease of the Kattegat cod (Figs. 5.D.5 and 5.D.6). The trawl fishery, on the other hand,
was considerably more affected than the gillnetters (Fig. 5.3.6). The set of behavioral
indicators shows that the trawlers started to fish more frequently (up to 2.7% increase
in the number of trips) but with a lesser trip duration (-5%) and fishing effort (-5%)
(Fig. 5.3.6). As in the standard spawning closure scenario, the reduced fishing pressure
led to an overall decrease in the fishing mortality and increased spawning biomass of
the WB cod (Fig. 5.3.7). Yet, despite the fishing mortality decreased more than in
the standard closure (median F= 0.21, representing a 25% decrease in relation to the
standard closure), the increase in the median spawning biomass was much more modest
when compared to the baseline scenario (+76%), and actually decreased by 50% when
contrasted to the standard closure scenario (Fig. 5.3.7).

To compensate the lower cod catches, trawlers redirected their efforts towards
the eastern Baltic (Fig. 5.3.5), where the total catches and landings increased up to
24% and 18%, respectively, and their income and profits up to 25% (Fig. 5.3.6). These
estimates were comparatively smaller when contrasted to the median values of standard
closure scenario, especially the total landings (Fig. 5.3.6). Of the total catches and
landings, we noted that most were driven by herring and sprat, and to some extent by
turbot (Figs. 5.D.7 and 5.D.8). Catches and landings from other fish stocks (e.g., plaice)
were nevertheless larger than in the standard spawning closure (Fig. 5.D.7 and 5.D.8).

Nursery closure

The establishment of a nursery closure yielded nearly the same outcomes as those of
the alternative spawning closure, albeit a few differences could be observed regarding
specifically the fishing behavior indicators. Whereas the fishing pressure was, as expected,
entirely removed from the nursery grounds (Fig. 5.3.5), the fishing effort displacement
towards adjacent areas of the closure were more intense and widespread than for the
alternative spawning closure scenario. Most of the total catches were taken in the
eastern Baltic and occasionally in the surroundings of the NG2 and NG3 closures, however
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without displaying any discernible pattern (Fig. 5.3.6).
All biological, economic and behavioral indicators had similar tendencies as in the

alternative spawning closure scenario, including the differences between the two fisheries.
Nonetheless, in this case, the gillnet fisheries were marginally more affected. As in the
alternative spawning closure scenario, the total catches and landings of cod from the
gillnet fishery were slightly decreased while total catches and landings slightly increased
(Fig. 5.3.6). Economically, this type of closure was marginally more beneficial to this
fishery when compared to the alternative spawning closure given the slight increase in
their incomes and revenues, and the more pronounced decrease in their income inequality.

Similar reasoning also applies to the trawlers, except for the cod catches and
landings (Fig. 5.3.6). Indeed, our results indicated that applying the nursery closure
could reduce the catches and landings of cod to the same order of magnitude as for
the standard spawning closure, which is a much higher reduction when compared to the
alternative spawning closure (Fig. 5.3.6). Notwithstanding, the actual effects on the WB
cod stock were virtually the same as in the standard spawning closure (Fig. 5.3.7).

5.4 Discussion

This study adds to a growing body of work on the effects and consequences of fisheries
closures, where we specifically anticipated the intended and unintended consequences
of various types of closed areas on the broader ecosystem of the western Baltic Sea,
with particular focus on the protection of certain life stages of the WB cod stock and
its supporting fisheries. Besides using an advanced species distribution model (LGNB-
SDM; Rufener et al., 2020) to identify persistent nursery and spawning grounds of the
WB cod stock, we used an individual-based model (DISPLACE; Bastardie et al., 2014)
to evaluate and quantify the multiple trade-offs that inevitably arise from the ecosystem
approach to fisheries management (EAFM). On top of this, we evaluated the benefits of
integrating the more refined abundance dynamics model from the LGNB-SDM approach
into the DISPLACE framework.

Four general findings could be taken from the present study: (i) juveniles and
spawners were highly dynamic in space and time as initially predicted, yet core nursery
and spawning grounds could still be identified along a 15-year time-series; (ii) linking the
LGNB-SDM to DISPLACE accounted more realistically for the stochastic nature of the
resource dynamics and yielded more conservative estimates in the evaluated indicators;
(iii) closing off areas to fishing resulted not only in a recovery of the stock, as well
as higher economic return to the supporting fisheries, whether the closure was specific
to the life stage (i.e., nursery or spawning ground) or its size and timing; and (iv) our
preliminary analyses indicated that the standard closure seemed more efficient in terms of
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cod stock recovery and fisheries economic return compared to the alternative spawning
and nursery ground closures. We discuss each of these findings in more details below.

Essential fish habitats for the WB cod

Our results indicated that the abundance dynamics of juvenile and spawning WB cod
was highly variable within and between years, with a clear spatial segregation between
the two life stages. Notwithstanding, we also detected a large area where both life
stages overlapped (west of Bornholm), and is as such an indicative of a highly sensitive
area. This spatial segregation was expected given that fish species often exhibit different
habitat requirements along their life cycle (e.g., Støttrup et al., 2019). Nielsen et al.
(2013) reported that cod juveniles have a relatively widespread spatial distribution in
shallower areas of the central Baltic, with highest densities found around Bornholm
island, Arkona Basin, Gotland and Gdansk Basins. Albeit the present study focused
solely on the westerly area of the Baltic Sea, our results were in general agreement with
these authors. The same authors also found that the extent of the nursery ground was
very much dependent on the strength of the year class. This would therefore align with
the different abundance hotspot thresholds that derived from our CRDF analysis.

On the other hand, Hüssy (2011) discussed that adult cod stocks exhibit a com-
plex and not fully understood migration pattern along the Kattegat/western Baltic, where
they progressively move from the Kattegat and Øresund towards the most southerly (the
Belts, Kiel Bay and Mecklenburg Bay) and easterly (Arkona Basin and Bornholm island)
areas of the western Baltic. We identified similar aggregation patterns and noted that
the abundance densities in the Belts were indeed nearly extinguished after 2007. Because
of the gradual migration, Hüssy (2011) further reported that spawning seasons tend to
follow the same progression along the year, where the entire spawning season lasts up to
seven months but with a peak spawning restricted mostly between 1-3 months. Overall,
two major spawning peaks can be found in the study area (Bleil et al., 2009): one in the
spring that is related to the Mecklenburg and Kiel Bay, and another in the summer that
is associated to the Arkona and Bornholm area. Yet, despite of this seasonal difference
that is observed for the same stock, general management practice assume that the main
spawning peak occurs between early February and late March throughout the full spatial
extent of the WB cod distribution (STECF, 2016; Eero et al., 2019; ICES, 2018, 2019a).

This was also the case in the present study, where we actually considered one
extra month (January) into our hotspot evaluation approach as an attempt to include the
spawning peak of the most northerly fraction of the WB cod stock. Our evaluated period
obviously does not correspond to the full complexity of the WB cod spawning timing,
and therefore caution is warranted when interpreting the findings from the DISPLACE
simulations. Future research on this aspect is very much encouraged as defining separate
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closures for each spawning peak could possibly alter the simulation outcomes.
Additionally, we highlight that in the current context no environmental predic-

tors were used by the LGNB-SDM to supplement the abundance field predictions, and
therefore observed abundance densities for the two life stages were purely a reflection of
the spatio-temporal random field (see Rufener et al. 2020). This might be a critical sim-
plification, as there are indications that the WB cod stock and distribution dynamics are
partly dependent on the underlying hydrodynamics, especially the water temperature,
salinity and oxygen concentration (e.g., MacKenzie et al., 1996; Köster et al., 2005;
Nielsen et al., 2013; Støttrup et al., 2019). In this sense, future supplementary work
would benefit from focusing on environmental effects and to what extent they could in-
crease the prediction accuracy of abundance dynamics of juvenile and spawner life stages
of WB cod.

Coupling the LGNB-SDM to DISPLACE

DISPLACE is built upon a set of interrelated functions that describes and links the
fishery resource dynamics to the vessel dynamics (Bastardie et al., 2014). A cornerstone
of this MSE framework is the harvest function that aims to mimic the vessel-specific
stock depletion. Among many other factors, this function gathers information from the
resource availability, which had two main shortcomings prior to the LGNB-SDM coupling.
First, the spatio-temporal resolution was provided at a rather coarse level given that the
abundances from quarter 1-2 and 3-4 were pooled together. This was a consequence of
the poor temporal resolution of the underlying data source, i.e. only fishery-independent
data were used. Secondly, no stochastic component was used by default to describe
the resource availability (aka abundance fields), although a simpler version has been
previously tested (see Bastardie et al., 2014).

We directly addressed all these issues by coupling the LGNB-SDM to the DIS-
PLACE framework. A main strength of the LGNB model is that besides being stochastic
by nature, spatial and temporal correlations are accounted for. Accordingly, the LGNB
provides a much more robust and realistic description of the underlying resource dy-
namics. Another strong feature of this model is that information from both fishery-
independent and –dependent data can be used on an integrated basis. As pointed out
by Rufener et al. (2020), the use of both data sources simultaneously improves both
the spatio-temporal abundance estimates as well as the predictions. The overall effects
of the two model coupling were, nevertheless, nearly indiscernible when contrasting the
DISPLACE outcomes and some indicators were slightly underestimated. This result was
to some extent surprising, mainly because we were expecting a major influence from the
spatio-temporal correlation parameters on the final WB cod catches and landings. Yet,
we believe that this particular outcome is not a global result and we expect that these
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outcomes will likely change in other applications.
Having said that, an important aspect should be kept in mind. As for now, the

coupling itself is conducted only on a case specific species-by-species basis. A single stock
coupling implies that future DISPLACE applications will need to conduct all coupling
steps for all stocks (with explicit dynamics) separately, once a separate LGNB model
has to be applied for each species prior to the coupling. An ultimate ambition would
be to adapt the framework to a full-feedback dynamic (cyclic) coupling, where the
fishery depleted abundance fields from DISPLACE would be directly used as an input in
the LGNB-SDM and, combined with the most recent data, have the abundance fields
iteratively updated. Such an automized dynamic full-feedback coupling might likely
demand for additional adaptations on the LGNB-SDM, as a means to implicitly account
for the fishing mortality that is imposed by the individual fishing vessels.

Management implications of fisheries closures

Fisheries management is inheritably a complex and time-consuming process that is driven
not only by the managers multiple and often competing objectives, but also by the di-
vergent interests among stakeholders, and the high uncertainty of the natural resource
dynamics (Smith et al., 1999). The fact that the management is steadily moving
from a single-species to an ecosystem approach adds an even higher level of complex-
ity (Jennings, 2006), as managers have to balance a myriad of additional conflicting
goals covering several disciplines of ecology, economics and sociology as well as institu-
tional/management aspects (e.g., Goti-Aralucea et al., 2018; Nielsen et al., 2018). The
present study is therefore an overall contribution to the impact assessment of fisheries
closures, whereby particular focus was given on their mid-term effects in relation to both
socio-economic and biological indicators. At a narrower level, this study contributed with
additional insights into the effects of the WB cod spawning closure to the local fishery,
the stocks and the ecosystem.

Despite the appealing concept of fisheries closures, several studies have reported
that their actual effectiveness remains difficult to quantify partially because of the chal-
lenge to conduct and replicate field experiments, as well as due to the time needed to
evaluate long-term biological responses to the closure (e.g., van Overzee and Rijnsdorp,
2015; Eero et al., 2019). Moreover, Grüss et al. (2014) highlighted that a robust eval-
uation of fishing closures should ideally rely on a before-after-control-impact (BACI).
Nevertheless, as pointed out by Colloca et al. (2009), such a set-up would require a
large and long-lasting experiment that likely goes beyond the economic capabilities of
many research institutions (Colloca et al., 2009). The lack of empirical evidence has,
thus, promoted the development of a wide array of mechanistic models that evaluate the
potential benefits of such closures (Grüss et al., 2014 and references therein). Many of
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these models focus only on the benefits of biological and ecological components, while
typically ignore the social and economic consequences. Here, we evaluated the effec-
tiveness of fisheries closures by taking into account both biological and socio-economic
aspects.

Our findings indicated that irrespective of their size and primary goal (i.e, protect
juveniles or spawners), fisheries closure triggered positive effects not only on the targeted
species (increased SSB of WB cod), as well as on the supporting fishery (increased
income and decreased inequality of gillnetters and trawlers). Our results indeed showed
that fishers could increase their profits by >20% in the best-case scenario (from a purely
economic perspective). In the context of continued mistrust by the fishermen towards
the effectiveness of MPAs including fishing closures (e.g., Verweij and van Densen, 2010,
Beare et al., 2013; Moon and Conway, 2016), a result like this could potentially help to
restore some confidence and thereby increase compliance.

However, we note that the increased economic return was likely not a result of
the WB stock recovery. As pointed by Brown et al. (2014), it takes at least several years
for the fisheries to perceive the spillover effect of a targeted stock. Considering that the
average time of WB cod to reach maturity is around 2 years and that our simulations had
only a 5-year time span, it is unlikely that the extra recruits supply from 1-2 generations
would be enough to rebuild the stock in the given time frame. Yet, we noted that it was
enough to perceive the first signs of the stock recovery. In particular, our results have
shown that for all the tested closure scenarios, a considerable increase in the SSB could
be achieved when contrasted to a case where no closure was enforced.

Possible reasons for this can relate to the size, purpose, and timing of the closure.
For example, the standard closure scenario is much bigger than the alternative scenarios,
thus it is naturally expected that WB cod benefits more from it, which is also what we
observed in the current context. Studies have in fact reported that fisheries closures
have to cover at least 20-30% of the area under concern such that the benefits can be
perceived (Roberts and Hawkins, 2000). If we consider the nursery closure scenario,
which is closed year round in opposite to the spawning scenarios that are closed only
for 2-3 months, then a higher reduction in the fishing mortality is also expected because
fishers are permanently banned from these fishing grounds. In turn, when the question
boils down to whether protecting nursery or spawning grounds (Grüss et al., 2019), no
discernible pattern could be retrieved from our result, apart from the WB cod catches
and landings. Specifically, we noted that the nursery closure could reduce the cod
catches and landings to the same extent as the standard closure scenario; however, the
overall benefits for the stock were far less for the alternative closures when compared
to the standard closure. Despite of this, if one had to choose between the nursery or
the alternative spawning closure, for the current context we would advise to protect the
nurseries once they cover a much larger area that also includes the spawning ground, and

Chapter 5 160



Integrating commercial fisheries and scientific survey data

also led to the highest reduction in the income inequality. Overall, however, we highlight
that the standard spawning closure performed best amongst all tested closures. As such,
if a seasonal closure should be implemented again for the WB cod stock in the near
future, we would advise to keep this particular closure instead of the other alternatives
that were tested herein.

An important finding of our results was the response of the fishermen to the
establishment of the fisheries closures. The results showed that irrespective of the type
of closure, fishermen changed substantially their fishing behavior in order to compensate
for the economic loss. We found that the fishing increased particularly towards the
eastern Baltic, Kattegat and coastal zones of the western Baltic, where they eventually
also started to catch other fish species and other cod stocks. Accordingly, it is very likely
that these stocks were the main drivers behind the higher economic return in the short-
medium term, thus masking to some extent the actual intended effects of the closures.
These results are in accordance with those of Bastardie et al. (2015; 2017a), who
also reported higher catch rates of other species in response to other types of closures
and management scenarios within the Baltic Sea. From a management perspective,
our results clearly shows that additional catch and/or effort control would need to be
enforced to ensure the sustainability of other stocks (Rijnsdorp et al., 2001; Dinmore,
2003). This is especially true for the gillnet fishery in the standard spawning scenario, as
the higher fishing pressure towards the coastal zones could substantially affect nursery
grounds of other stocks and stocks that are in overall poor conditions. Similarly, trawlers
moving towards the eastern Baltic to catch possibly the eastern Baltic cod stock would
need to be regulated, as the stock itself is already severely depleted (Bastardie et al.,
2015).

The fact that the fishermen displayed a strong behavioral response to the fishing
closure shows the importance of accounting for the social aspect within the management
decisions (Hilborn, 2007; Bastardie et al., 2010). Furthermore, such a result is also
important for drawing the awareness that protecting one particular species does not
necessarily guarantee the sustainability of other ecosystem components. For example,
several studies have shown that trawl fisheries are amongst the most detrimental activities
for benthic habitats (e.g., Hiddink et al., 2006; Kaiser et al., 2006). As such, displacing
the fishing effort to other areas can increase the risks of disturbing highly sensitive
benthic communities, and hence affect the structure and functioning of the ecosystem
(Dinmore, 2003). In a recent Baltic study conducted by Bastardie et al. (2020), the
authors found that decreasing the fishing pressure in the Kattegat leaded to substantial
recovery of the benthic communities, which is mostly dominated by long-lived species
and thus more vulnerable to trawling. Future studies should therefore also evaluate the
benthic impact of fisheries closures.
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5.5 Conclusions

Although a number of knowledge gaps still exists, the present study provided a more
detailed understanding of the intended and unintended side effects of fisheries closures
on different management components. We gained particular insights into the actual
effectiveness of the standard spawning closure, whereby we could conclude that it was
beneficial to the fishing sector and recovery of the WB cod, but not necessarily to other
biological components. Similar results were also supported by the alternative fisheries
closures, with yet some minor differences in the overall outcomes. For example, closing
off the alternative spawning area that was much smaller, yet enforced for 1 month
longer, could still provide desirable benefits to both WB cod and the fisheries, although
the overall gain were much smaller when compared to the standard spawning closure. In
addition, from a biological viewpoint, this scenario was overall less beneficial for other
fish stocks as they experienced a higher targeting and fishing pressure, especially from
the gillnet fisheries. Conversely, closing permanently the nursery grounds could reduce
the WB cod catches and landings as much as the standard spawning closure, but with
a significantly smaller recovery effect on the stock. From a socio-economic perspective,
nursery closures leaded to the highest reduction in the income inequality when contrasted
to all other scenarios, and incomes were slightly higher when compared to the alternative
spawning closure, albeit smaller when contrasted to the standard closure scenario. In
this sense, it is important to bear in mind that the value of closure areas can only be
accessed on a case-by-case basis, since it depends on many local factors such as the
dynamics of the fishery and fish.
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Appendix

5.A The LGNB-SDM model

The LGNB-SDM incorporates both observation and latent processes in a hierarchical
structure, where the first stage describes the unobserved abundance field λ (latent pro-
cess) as a function of space (s) and time (t):

λ(s, t) = exp
(

K∑
k=1

βkXk(s, t) + ξ(s, t)
)

(5.2)

Here, Xk(s, t), k = 1, ..., K are a set of explanatory variables associated to the fixed
effect parameters βk, and ξ(s, t) represents a spatio-temporal structured random effect.
For the sake of simplicity, we only considered the time-period (monthly basis) as a fixed
effect. The spatial correlation is modelled by means of Gaussian Random Field (GRF),
whose precision matrix is described via a first-order conditional autoregressive (CAR)
process. This requires the construction of a spatial grid, herein given on a 10x10km
resolution (772 grid cells). The temporal correlation, in turn, is expressed as a first-
order autoregressive process (AR1), where we defined the absolute difference between
consecutive time points on a monthly basis (180 time-steps, from January 2005 to
December 2019).

Given the latent field, the second stage of the model describes the species
abundance (catch in numbers, N) through a negative binomial distribution. Within the
LGNB-SDM, the observation process of the fishery-dependent and –independent data
are described individually due to the different nature of their sampling designs which,
consequently, affects the fishing catchability, fishing effort and spatial extension of the
sampling unit (see Rufener et al., 2020, for more details). Overall, both observation
processes describe the catch as a function of catchability descriptors:

log
(
µD
i

)
= log (λ(si, ti)) +

KD∑
k=1

βD
kX

D
k,i (5.3)

where log
(
µD
i

)
is the expected catch for dataD (fishery-independent or fishery-dependent),

λ(si, ti) is the unobserved abundance field, XD
k,i is a design matrix quantifying both fixed
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and random effects of k catchability indicators through a coefficient matrix βk.
In summary, the fishery-independent observation process describes the catch in

terms of the research vessel indicator (2 in total: R/V Havfisken and R/V Solea) and the
time period (monthly basis). An offset term is additionally included into equation 2 as a
means to account for the difference in sampling effort (haul duration in minutes). Con-
versely, the fishery-dependent observation process models the catchability by considering
the metier type (2 levels: OTB_DEF_>=105_1_110 and OTB_DEF_>=105_1_120)
and the time-period (monthly basis) as a fixed effect, whereas remaining variability
among commercial vessels (n=110) were considered as a random-effects. No offset is
considered, as differences in fishing effort were accounted for by discretizing the catches
along the trawled haul (see Rufener et al., 2020, for details).

In order to assure the simultaneous use of both data sources to predict a specie’s
abundance distribution, the integrated model has to be validated. Rufener et al. (2020)
uses four validation approaches and which were also adopted herein: (i) gradient com-
ponent (< 0.001), (ii) hessian matrix (positive-definite), (iii) consistency in the fixed
and random effect parameters, and (iv) residual’s normality. Thus, prior to assembling
the abundances within the two life stages of cod (juveniles and spawners), we assured
that the age-specific LGNB-SDMs were first validated (Fig. 5.A.1 and 5.A.2).
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Figure 5.A.1: Validation of the age-specific LGNB-SDM by contrasting the param-
eters that were shared between the survey and the integrated (survey+commercial)
data. Upper panels refers to the spatio-temporal random effects, while lower panels
refers to the fixed-effect of the spatio-temporal correlation parameters. The model is
validated whenever a linear trend between the shared parameters can be confirmed
though the test statistics proposed in Rufener et al. (2020). This test checks that
both fixed and random effect parameters of the integrated model are within the
confidence regions of the survey data model, where a p-val >0.05 accepts the model
integration. In the present study, all age-specific LGNB models had a gradient value
< 0.001 and a positive Hessian matrix, and also passed the test statistic.
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Figure 5.A.2: Quantile-Quantile plots of the residuals of the integrated LGNB-
SDM for each individual life stage. For all age groups the residual pattern was in
agreement with a normal distribution.
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5.B DISPLACE and the Baltic Sea application

The rationale behind DISPLACE is that every individual fishing vessel operating in the
Baltic Sea can update their decision-making process based on what they caught and
the costs to reach a specific fishing ground (Bastardie et al., 2014). Thus, each vessel
depletes the underlying fish stocks individually, while additionally affecting the seafloor
integrity (through bottom mobile gears) and catching unwanted species/size groups (by-
catch) besides the target species. DISPLACE is broadly based on four sub-models that
can be specified according to the data availability, i.e. biological, fleet, economic, and
benthic sub-models (Bastardie et al., 2014; 2020). Whereas the biological and the ben-
thic sub-models include information that is specific to the biology of the targeted/non-
targeted and benthic animals (e.g. growth rate, length at maturity, etc.), the fleet and
economic models retrieve information on the fishing fleets (e.g., vessel size, gear type,
fuel tank, etc.) and the fishery economics (e.g., fuel price, ex-vessel price, crew costs,
etc.), respectively.

Within the DISPLACE Baltic Sea application, seventeen exploited stocks span-
ning 9 species (cod, sprat, herring, plaice, sole, flounder, dab, brill, and turbot) are
modelled, which represent the main part of the landings in the Baltic Sea (ICES, 2018).
In addition, eighteen stocks from the North Sea are accounted for as the Danish vessels
operating in the WB can also fish in the North Sea from time to time. Of these stocks,
eight (including WB cod) have their abundance dynamics explicitly modelled from fish
removals when catches occur, and fish renewals when new annual recruits join the stock
(see section Evaluating the effectiveness of the DISPLACE-LGNB coupling for more de-
tails). The catches on other stocks are accounted for with vessel-specific catch rates
(Bastardie et al., 2020); hence, they are modelled only implicitly. All stocks are catego-
rized into 14 size-groups (5-cm size bins), each of which are modelled individually and
are, consequently, available to the fisheries using different gears with specific body size
selection ogives. The stock growth from a given discrete size group towards larger size
groups is simulated at the beginning of each quarter of the year using a stock-specific
growth transition matrix (GTM), which is deduced from stock specific Von Bertalanffy
growth functions (Bastardie et al., 2014). Conversely, recruits occur annually and are
deduced from stock-specific age-based Ricker functions and are dispatched with the age-
length keys (ALKs) information over the size groups that correspond to the known age
of recruits (Bastardie et al., 2014). The model simulates vessels larger than 8 metres
in length with their homeport in the western Baltic Sea and parts of the Eastern Baltic
(i.e. the Polish ports with a quotas attached to WB cod). Whereas the large vessels
(>12m) were simulated individually, small vessels (8-12 m) were first grouped into gear
category (e.g., bottom set gillnets, bottom trawlers) to reduce the overall computation
costs. Thus, the current application simulated in total the fishing activities from 196
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individual large vessels and 188 small “super-individual” vessels (n=1407 initially) span-
ning 12 different fishing gears from four countries (Denmark, Sweden, Germany, and
Poland). Of these, we focused specifically on the gillnetters and trawlers as they are the
main gears used to target the WB cod. Parameters regarding the economics of these
fleets were retained from the STECF Annual Economic Report (AER; STECF, 2018),
providing the cost structure of the fleets (variable and fixed costs) and income from the
landings that are assumed similar for vessels belonging to the same fleet.
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Table 5.B.1: Description of the biological, behavioral and economic indicators
used for the evaluation of the effectiveness of the fisheries closures. Acronyms stand
for: SSB=spawning stock biomass, F=fishing mortality, NPV=net present value,
VPUF=value-per-unit-fuel.

Indicators Description

Biological

SSB

Represents the mature component of the pop-
ulation. Thus, it is used as a proxy for the
recruits, whereby higher SSB leads to higher
recruitment defined by the stock-recruitment
relationship, and ultimately an increase in the
exploitable biomass.

F

Describes the mortality rate that is due to fish-
ing. Lower F values compared to the baseline
are indicative of either lowered fishing mortality
(hence stock recovery), or change in the selec-
tivity or exploitation pattern for larger fish.

Total catches

Indicates the overall amount of fish that were
caught by the fisheries. Increased catches
might indicate that either the fishing effort
increased to compensate lower catch (or catch
rates), or the exploitable biomass increased due
to the management action under concern.

Total landings Represent the retained catch brought on-shore.

Cod catches
Similar as for the total catches, but by focusing
exclusively on the WB Cod.

Cod landings
As for the total landings, but with focus on WB
cod.
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Table 5.B.1 Continued

Behavioral

Fishing effort

Indicates the amount of fishing hours spent by a
fishery, with high effort most likely associated
to increased overall catch, although not nec-
essarily. Increased fishing effort might be a re-
sponse to fisheries closures, where the displace-
ment of the fisheries to more distant grounds
can result not only in lower catch rates, as well
as higher expenses (e.g., increased fuel con-
sumption). The combination of higher fishing
effort and lower economic return indicates that
the fishery is operating less efficient, leading to
lower VPUFs compared to the baseline.

Steaming effort

Indicates the amount of time fishers spent at
sea heading to the fishing grounds and search-
ing for fish, where most likely higher steaming
time, proportionally to the total trip duration,
might result in higher fuel consumption for less
effective fishing time, thereby possibly lowering
the VPUF.

Trip duration

Indicates the average time sea trip at sea, where
longer durations are usually related to increased
steaming and, therefore, high fuel consump-
tion.

Number of trips

Indicates the numbers of time fishers went out
at sea in a given fishing season. Higher num-
ber of trips can be an indicative of an inefficient
fishery whenever fishermen are forced to con-
duct more trips (hence increased fuel consump-
tion) to compensate for lower catch rates.

Economic

Revenue

Relates to the income of the fishing sector from
the catch landed. Thus, higher revenues are
indicative of a possible profitable fishery, con-
sequently leading to higher income for the fish-
ermen as long as the revenue exceeds the op-
erating costs.
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Table 5.B.1 Continued

NPV
Net Present Value accounting from a 4% an-
nual discounted fisheries’ profit. Higher NPVs
are related to higher incomes.

VPUF

Is as a measure of fishery fuel use efficiency
regarding to the monetary value of the catch
landed. Higher VPUFs are related to higher
revenues or less fuel use, or both.

Income inequality

Related to the income distribution among fish-
ers, and is thus used as a proxy for the social
gap. The inequality metrics was based on the
Hoover index, where the higher the inequality,
the higher the social gap as the incomes are
being concentrated in the hands of only few
fishermen.
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5.C Integrating the LGNB model to DISPLACE

DISPLACE is built upon a set of interrelated functions that links the fishery resource
dynamics to the vessel dynamics (Bastardie et al., 2014). A cornerstone of this MSE
framework is the harvest function, which aims to mimic the vessel-specific stock deple-
tion. This means that any variation in the abundance of the explicitly modelled species
will be iteratively perceived by the fishing agents, each of which will undergo a set of
decision trees that will dictate their fishing behavior (Bastardie et al., 2014).

The harvest function is based on a Generalized Linear Model (GLM) that models
the landing-per-unit-effort (LPUE) as a function of vessel (v), métier (m), and the stock-
specific abundance. The latter is further expressed in terms of its size-specific availability
(AVA) and the métier-specific selectivity (SEL). Thus, for a given stock (s), the general
harvest function is described as:

log(µs,v,m) = βs,v + γs,m +
Z∑
z=1

δs,z(Availabilitym,s,z × Selectivitys,z) (5.4)

where µ denotes the expected LPUE, the parameters β and γ are the vessel and métier-
specific effects, and δs,z is the effect of the vessel selectivity on the underlying abundance
of a given size-group z(z = 1, . . . , Z = 14).

The availability term in the equation above relates to the abundance of the
fishery resource under concern. By default, the resource availability is solely informed
by fishery-independent data sources (i.e., ICES IBTS and BITS research surveys). For
each quarter, stock, and size-group therein, the fishery-independent abundance is then
interpolated within a 50-km radius by means of the inverse distance weighted (IDW)
method (Bastardie et al., 2014, 2020), resulting in a so-called abundance field that will
be available to the fishing agents. The DISPLACE Baltic Sea application provides the
abundance fields on a semester basis, where the information from quarters 1-2 and 3-4
are pooled together (Bastardie et al., 2014).

This is thus the key element for integrating the LGNB-SDM outcomes into the
DISPLACE routine. Accordingly, a first step for the model integration is to replace the
fishery-independent informed abundance fields by those of the LGNB-SDM. Note that
here we only conducted the coupling for the western Baltic cod stock. To harmonize
with DISPLACE’s default configuration, we had to apply the LGNB model separately
for each of the 14 size-groups that are modelled within the simulation framework. We
calibrated the LGNB model exactly as in Rufener et al. (2020), except that here a longer
time frame was considered (2005-2019) and the modelling was applied on a size rather
than on an age basis.

The simulation of the vessel dynamics within DISPLACE is carried out through
an underlying fishing arena, which essentially constitutes a spatial grid whose nodes are
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used as a reference for the movement of the vessels (Bastardie et al., 2010; Bastardie et
al., 2014). Having the size-specific abundance fields from the LGNB-SDM, we had to
extract the abundances corresponding to the nodes of the fishing arena. In DISPLACE,
each node is informed by the size-specific proportions (Bastardie et al., 2014). Hence,
for each node we had to convert the LGNB-SDM informed abundances into size-specific
proportions.

This coupling process consists of a real-time coupling, in a sense of DISPLACE
can be informed with abundance fields until the present time. Yet, provided that MSE
approaches also seek to examine future scenarios, we developed the coupling further to
include abundance predictions for a future time step (predictive mode). The main idea
behind this approach is to simulate the abundance fields based on the spatio-temporal
parameters that were estimated by the LGNB-SDM, and use it as the abundance pre-
dicted for t+1. As such, we developed a multivariate Gaussian random distribution
function that randomly draws abundance fields based on these parameters. The func-
tion is essentially described by the mean of the predicted abundance field in time t, and
the precision ψ of the full space-time field and which is described as:

ψ = Qκ
√

1− ρ2

Q = Q0 + δI (5.5)

where Q is the sparse precision matrix that is related to the initial sparse matrix Q0, I
its diagonal matrix, and δ the spatial correlation delta parameter.

To be applicable in the predictive mode, four LGNB model components from
all the size groups need to beretained: (i) the spatio-temporally predicted abundance
fields, (ii) the estimated spatial correlation parameters (described by the delta δ and
scale κ parameters), (iii) the estimated temporal correlation parameter (rho ρ), and (iv)
the precision matrix Q which corresponds to the inverse of the covariance matrix of
the spatio-temporal random effect. These parameters are then linked to DISPLACE to
generate the forward-predictions (Fig. 5.C.1)
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Figure 5.C.1: Illustrative example of the forward predictions for the WB cod stock.
Whereas the left panels illustrates the cod distribution for the last time period of
the dataset (December 2019), the right panels shows de distribution predicted for
the next time step (January 2020). SG refers to the size group.
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5.D Supplementary results

Figure 5.D.1: Interannual spatial abundance dynamics of juvenile WB cod, where
the monthly abundance layers per age group were averaged within each year. Left
to right panels refers to age groups A0-A2.
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Figure 5.D.2: Continuation of Figure 5.D.1
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Figure 5.D.3: Interannual spatial abundance dynamics of spawner WB cod, where
the monthly abundance layers per age group were averaged within each year. Left
to right panels refers to age groups A3-A5+.
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Figure 5.D.4: Continuation of Figure 5.D.3
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Figure 5.D.5: Catches from the stocks that are implicit modelled and caught by
the gillnet fishery, where her=herring and ple=plaice. Numbers refers to the ICES
area, thus indicating the stock being evaluated. Note that catches from the eastern
Baltic cod (cod2532) are not displayed as the stock dynamics was modeled explicitly
in the current DISPLACE application.

Figure 5.D.6: Landings from the stocks that are implicit modelled and caught by
the gillnet fishery, where her=herring and ple=plaice. Numbers refers to the ICES
area, thus indicating the stock being evaluated. Note that catches from the eastern
Baltic cod (cod2532) are not displayed as the stock dynamics was modeled explicitly
in the current DISPLACE application.
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Figure 5.D.7: Catches from the stocks that are implicit modelled and caught by
the trawl fishery, where her=herring and ple=plaice. Numbers refers to the ICES
area, thus indicating the stock being evaluated. Note that catches from the eastern
Baltic cod (cod2532) are not displayed as the stock dynamics was modeled explicitly
in the current DISPLACE application.

Figure 5.D.8: Landings from the stocks that are implicit modelled and caught by
the trawl fishery, where her=herring and ple=plaice. Numbers refers to the ICES
area, thus indicating the stock being evaluated. Note that catches from the eastern
Baltic cod (cod2532) are not displayed as the stock dynamics was modeled explicitly
in the current DISPLACE application.
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Chapter 6
Concluding remarks & Future perspectives

“All models are wrong, but some are useful.“

— George Box

The ecosystem-based approach to fisheries management (EBFM) has been posing new
challenges for fisheries scientists and all those engaged with their management (Janßen
et al., 2018; R. Nielsen et al., 2018). Ensuring the sustainability of healthy marine
ecosystem, including fishery resources, while attending the societal and human needs for
food provisioning and economic benefits is naturally complex, and there is still a long way
to fully achieve the multiple goals of EBFM. An ideal EBFM approach needs to address
not only the interactions within and among ecological and socio-economic systems, but
also acknowledge that these interactions change dynamically through space and time
(Leslie & McLeod, 2007).

Following Hilborn (2011b), the fate of a successful EBFM implementation de-
pends indeed on how we tackle and prioritize the various EBFM components. There are,
according to him, “core” and “extended” aspects of the EBFM, each in need of differ-
ent approaches and prioritization. As the name suggests on its own, the core aspects
essentially relates to the more basal levels of fisheries management process, where the
most pressuring need is to (i) guarantee the long-term sustainability of individual stocks,
and (ii) prevent the unintended side-effects of fisheries, such as by-catch and discard of
target and non-target species, ecosystem changes including fishing down the foodweb,
and avoidance of habitat destruction. In contrast, the extended aspect considers facets
such as of trophic interactions and area-based management to manage the fisheries, and
are accordingly of a second priority.

This latter aspect has, in fact, gained momentum more recently in the broader
context of Marine Spatial Planning (MSP; Bastardie et al., 2015; Foley et al., 2010;
Meaden et al., 2016; D. Smith et al., 2017), and is sometimes also referred to as
an ecosystem-based management approach (EBM, refer to Figure 1.2). Following the
definition of Ehler and Douvere (2007), MSP represents a “public process of analyzing
and allocating the spatial and temporal distribution of human activities in marine areas
to achieve ecological, economic, and social objectives that are usually specified through
a political process”. Within the EU, the MSP Directive explicitly states that "Member
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States shall aim to contribute to the sustainable development of energy sectors at sea, of
maritime transport, and of the fisheries and aquaculture sectors, and to the preservation,
protection and improvement of the environment, including resilience to climate change
impacts. In addition, Member States may pursue other objectives such as the promotion
of sustainable tourism and the sustainable extraction of raw materials." (E.C., 2014).

The main hurdle with such a fully integrated management process, neverthe-
less, is that it requires a large and diverse set of data sources that span the multiple
components of EBFM at the finest spatial and temporal resolution (e.g., biological data
from multiple species, environmental data, VMS/AIS data, sales slips from fish auctions,
catch declarations, etc.), such that more solid conservation and management solutions
can be set at local and regional scales (Cowan Jr et al., 2012). According to Janßen
et al. (2018), the spatial resolution is yet a major challenge to fully integrate the EBFM
into MSP, given that the fisheries management is typically based on a much coarser
spatial resolution (e.g., ICES 30 x 60 statistical rectangles) than what is ideally needed
for a proper MSP (e.g., 3 x 3 according to Marchal et al. (2014)). Moreover, another
impediment that has been preventing the full implementation of EBFM, is that it still
lacks the necessary tools to evaluate the multiple management objectives at the right
spatial and temporal scales.

Such an integrated assessment requires therefore practical tools to not only visu-
alize complex spatial relationships (e.g., spatial placement of diverse marine sectors and
their interactions therein, and spatial abundance dynamics of fishery resource in regards
to other ecosystem components), as well as tools to assess the interlinked effects of
management scenarios, including risk evaluation (Meaden et al., 2016; Pennino, 2013).
In light of these needs, the present thesis aimed to advance the EBFM further by devel-
oping a set of methodological approaches that could assist both single-species fisheries
management (SSFM; core aspect), and the EBFM (extended aspect). Below I briefly
highlight what were the main contributions of this thesis to each of these management
approaches.

Contributions to the Single-Species Fisheries
Management

A major contribution of this thesis was the development of an integrated and fine-scale
spatio-temporal Species Distribution Model (SDM) that could simultaneously cope with
fishery-dependent and –independent data sources, while standardizing their different
catch rates and thereby providing detailed insights into the abundance dynamics of
targeted fish stocks (Chapter 3).

The process of integrating different data sources has received many labels in the
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literature (e.g., data fusion, assimilation, ensemble, combination), and can be broadly
divided into two approaches: data pooling and model-based integration (Fletcher et al.,
2019; Isaac et al., 2019). The first method simply pools the different data sources by
assuming that the bias sources between them are small enough to be ignored. Within
a fisheries context, such an assumption is overly simplified for the reasons highlighted
in Chapter 2. The second method, in turn, is more flexible as it can accommodate
datasets with distinct levels of bias sources and structures through a statistical model,
and is therefore better suited to integrate fishery-dependent and –independent data.
This was therefore also the approach used in Chapter 3.

Indeed, integrated population models (IPM) are a well-developed subset of inte-
grative models, with initial applications dating back to the 1980s (Fournier and Archibald,
1982; reviewed in Maunder and Punt, 2013). Many of the single-species stock assess-
ments applied to date are, to some extent, IPMs given that a wide array of auxiliary
information are used to inform the assessment models, as for example catch-and-effort
data, survey abundance indices and composition data. However, as noted by Maunder
and Punt (2013), these data are often preprocessed, meaning that the raw data are first
summarized in a separate model and their outputs are then used when fitting the actual
population dynamic model. Next-generation assessment models nevertheless have been
encouraging the use of the raw data directly, as many important information can get
lost along this process (Aeberhard et al., 2018). This particular aspect was additionally
fulfilled in the present thesis, given that hierarchical models typically allow to incorporate
data sources with different structures and contrasting information.

Returning to my initial question posed in Chapter 2, i.e. whether we can con-
ciliate Pauly and Hilborn with respect to the use of fishery-dependent data to inform
abundance trends, my immediate answer to this would be: yes, we definitively can –
at least, from a statistical viewpoint. As largely discussed in Chapter 3, this feature
was mainly achieved by the flexible properties provided by hierarchical models and, more
specifically, by those of point-process models as they allowed to separate explicitly the
process and observation errors in a spatial context. The advantage of separating the er-
ror structures are manifold, and in the current context this has shown to be an extremely
powerful tool to (i) estimate and predict the spatio-temporal distribution of fishery re-
sources, and (ii) to provide a single abundance index derived from fishery-dependent and
–independent data. On top of this, I have shown that integrating both data sources could
reduce considerably the uncertainty in the predicted abundance fields, and could also be
an interesting tool to explore the abundance dynamics of data-poor stocks given it would
boost the amount of information, and consequently increase the statistical power.

Recent ecological literature have, in fact, been pinpointing point-process models
as a fertile ground for data integration (e.g., Fletcher et al., 2019; Isaac et al., 2019;
D. Miller et al., 2018; Pacifici et al., 2017; Zipkin & Saunders, 2018), and with the
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continuous improvement of computational and statistical approaches, this class of models
is likely to skyrocket in the upcoming years due to its many desirable properties. Whilst
the LGNB model presented in Chapter 3 is undoubtedly a major breakthrough, there are
certainly many aspects to be further developed and improved. Among those, I specifically
point towards the following ones:

• Extend the versatility of the observation process – In its current version, the
response variable that is used to describe the observation process can only be of a
discrete nature, more precisely count data. However, many fisheries applications
also rely on continuous data such as biomass or sometimes on binary data like pres-
ence/absence. Thus, an ambition would be to improve the LGNB model to include
other probability distributions, such as log-Normal and Gamma for biomass-related
data (e.g., Helser et al., 2004; Quiroz et al., 2015), Binomial for presence-absence
data (e.g., Munoz et al., 2013; Pennino et al., 2013), and Beta for continuous data
restricted to a [0,1] interval as it is often the case of by-catch and discard data
(e.g., Paradinas et al., 2018; Rezende et al., 2019). Ultimately, all these versions
could be extended to their zero-inflated versions (hurdle models) to additionally
account for highly overdispersed data.

• Accommodate data with different structures – All applications derived from
the LGNB model have, so far, looked at only one type of survey (trawl surveys
from the BITS ) and commercial data (trawl fishery from on-board observers).
Yet, there are many other fishery-related data sources available, including hydro-
acoustic surveys, and high-resolution commercial data derived from the Vessel
Monitoring Systems (VMS) and the Automatic Identification System (AIS) that
span fishing activities beyond the trawl fisheries. Incorporating such a wide range
of data sources could provide an even more refined description of the abundance
spatio-temporal dynamics. Yet, I also anticipate that accounting for data with
different sampling structures and aggregation levels will pose significant additional
challenges from a modelling perspective, and improvement in the abundance esti-
mator is not necessarily warranted especially if the considered fisheries are simply
too different (e.g., trap and trawl fisheries) (Conn, 2010).

• Include intra and inter-specific interactions – It is well known that intra-
specific biological processes are likely to aggregate individuals pertaining to similar
size/age groups; hence, a more realistic assumption would be to explicitly incorpo-
rate a correlation structure among age/size groups (e.g., C. Berg & Nielsen, 2016;
R. Nielsen et al., 2014). Moreover, fish stocks typically interact with other fish
species mainly through predation. In this sense, accounting for trophic interactions
(including inter-specific correlations) is highly relevant within an EBFM, and the
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current LGNB model could potentially build upon a multispecies framework (e.g.,
Trijoulet et al., 2020).

• Test the preferential sampling bias correction method on other applica-
tions – A major problem of fishery-dependent data is the preferential sampling
(PS) nature imposed by the fishermen. Although this was not an apparent prob-
lem in the commercial data used in the current thesis, I foresee that this is not
going to be the case for other data sources such as VMS, or even case studies
(e.g., Pennino et al., 2018). The LGNB model currently accounts with a simple
approach to correct for the PS. It would be therefore interesting to test this ap-
proach either on other applications and/or data sources, whereby I also foresee
that further adaptations on either observation or latent process will be needed to
suit to the particular case studies and data sources.

• Include the environmental dimension – As largely discussed throughout my
three research manuscripts, the LGNB model can, in its essence, be considered
as a SDM. This means therefore that environmental predictors can be used to
describe the observation and/or latent processes. Except for the preliminary test
conducted on the model’s residuals in Chapter 3, so far I did not account for
any environmental effect to describe the fish abundance dynamics. As this is also
a major scope within the EBFM, it would be of great value for future LGNB
applications to test for environmental covariates (e.g., sea temperature, salinity,
oxygen concentration, etc.) when describing the abundance dynamics of fishery
resources.

Contributions to the Ecosystem Based Fisheries
Management

The hierarchical LGNB model presented in this thesis also contributed to the extended
aspects of the EBFM (Hilborn, 2011b). Besides applying the model on issues related to
fishery data sampling optimization (Chapter 4), the LGNB model was also used to sup-
port area-based management practices while including the human dimension (Chapter
5).

Implementing an EBFM can be extremely costly due to the wide range of data
that are needed to support this type of management approach (Hilborn, 2011b; N. R. C.
NRC, 2000). In fact, the data demands for large-scale models such as ecosystem end-to-
end models (e.g., Atlantis (Fulton et al., 2004, Bossier et al., 2018), Ecospace (Walters et
al., 1999, Tomczak et al., 2012), Osmose (Shin and Cury, 2004)) are typically beyond the
current fisheries management expenditures (Hilborn, 2011b), and this is also one of the

Chapter 6 185



Integrating commercial fisheries and scientific survey data

main reasons why they are currently used only for strategic advice rather than for direct
short-term advice (Fulton et al., 2005; Shin et al., 2010; Trenkel et al., 2007). This is also
where Minimally Realistic Models (MRM;Plagányi, 2007) such as DISPLACE (Bastardie
et al., 2014) and POSEIDON (Bailey et al., 2019)), have the potential for playing a
critical role in the EBFM context, as they typically downscale the marine ecosystem to
the most important ecosystem components. This is even more so for MRMs that uses
empirical data (e.g., DISPLACE), instead of simulated responses (e.g., POSEIDON). In
this context, seeking for cost-effective data collection methods, in addition to ecosystem
indicators that summarizes a group of marine species rather than tracking all species of
the ecosystem, are thus highly warranted (Hilborn, 2011b; ICES, 2016).

Chapter 4 was thus partially built upon those needs, where I specifically used
the LGNB model to relate the quality of the single-stock abundance estimates to fishery-
independent and –dependent sampling programmes with the costs involved therein.
Given that the quality and quantity of the data also depends on the surveyed species
(Ono et al., 2015), I further evaluated the effect of species exhibiting different life history
traits on the quality of their respective abundance estimates. The main aim was to find
a midground between reducing overall sampling cost whilst keeping accurate abundance
estimates. I have shown that this could be possibly achieved if we would allow to use
directly the fishery-dependent data to supplement the survey-based abundance indices,
given it is a much more cheaper data source to gather. Naturally, such a condition can
only be obtained as long as the fishery-dependent data are properly standardized, as
it was the case herein. Also, as this result has shown to be species and time-specific,
it is important to bear in mind that this condition could change not only over time
and targeted species, but also for other types of sampling programs. Indeed, in my
application I used only a minor subset of fishery sampling programmes (BITS and on-
board observers) on an even narrower subset of fishery activity (only trawlers). It would
therefore be interesting for future applications to include a broader set of sampling data
(e.g., IBTS and port-samplers) to fully represent the sampling expenditure, and evaluate
whether my findings are still hold. In conclusion to this particular chapter, I do believe
that cost-effectiveness evaluations of any sort of sampling program should be part of an
iterative, adaptive management planning process (Walters, 2007), especially in the light
of an EBFM approach according to well defined purposes and target of the sampling
program.

Finally, in Chapter 5, I sought to support the area-based management through
two interrelated aspects. In the first, which indeed lays in the borderline between the
SSFM and EBFM, I used the LGNB model to explore its potential to identify persistent
Essential Fish Habitats (EFHs), such as nursery and spawning grounds, in order to use
this type of information to propose plausible fishing closures. Knowledge on EFHs are
in fact a prerequisite to integrate the EBFM into MSP (Janßen et al., 2018), and SDMs
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have been playing a critical role to bridge this gap (e.g., Cogan et al., 2009; Pennino et al.,
2016; Robinson et al., 2017). Knowing where, when, and how long different life stages
of a particular stock aggregate in space and time is of utmost importance to set spatial
protective measures (permanent or seasonal) in order to avoid, for instance, deliberate
catch of critical life stages (e.g., juveniles and spawning individuals), and/or unintended
catches from non-target species (e.g., marine mammals and birds). This therefore sets
fishing closures into the broader EBFM context, given their establishment also depends
on other marine sectors that share the same marine space. Instead of identifying EFHs,
one could also possibly apply the LGBN model to identify sensitive benthic habitats or
biodiversity hotspots, both also relevant aspects for area-based management practices.
In a second step, I tested the benefit of coupling the more refined spatio-temporal
abundance description provided by the LGNB model into the spatial explicit bio-economic
tool DISPLACE. The LGNB-DISPLACE coupling framework was then tested on the
nursery and spawning grounds that were previously identified by the LGNB model, as
a mean to practically evaluate this type of management action (i.e., closed areas to
fishing) on the socio-economic components. With this application, it was shown that the
management outcomes (expressed in form of ecological and socio-economic indicators)
were not greatly affected by the LGNB-DISPLACE coupling itself, although it accounted
more realistically for the underlying fishery abundance dynamics. The most important
message that was retrieved from this particular study, however, was how important it is
to account for the human dimension and, more specifically, the fishermen’s perception
and reaction when setting fisheries management plans.

In overall conclusion, I have no doubt that there remain many knowledge gaps
on each subject approached in this thesis, and certainly many more lines could be spent
on discussing their strength, weaknesses and future possibilities. Yet, in line with George
Box’s quote highlighted at the start of this chapter, I have also no doubt that the herein
presented LGNB model, and the applications developed thereupon, are surely useful
to approach not solely the next stock assessment generation, but also to serve as a
practical guidance tool to assist issues related to sampling optimization and area-based
management approaches.

Chapter 6 187





Bibliography

Aeberhard, W. H., Mills Flemming, J., & Nielsen, A. (2018). Review of state-space
models for fisheries science. Annual Review of Statistics and Its Application,
5, 215–235.

Agostini, V., Hendrix, A., Hollowed, A., Wilson, C., Pierce, S., & Francis, R. (2008).
Climate–ocean variability and pacific hake: A geostatistical modeling ap-
proach. Journal of marine systems, 71 (3-4), 237–248.

Amoroso, R. O., Pitcher, C. R., Rijnsdorp, A., McConnaughey, R. A., Parma, A. M.,
Suuronen, P., Eigaard, O. R., Bastardie, F., Hintzen, N. T., Althaus, F., Et
al. (2018). Bottom trawl fishing footprints on the world’s continental shelves.
Proceedings of the National Academy of Sciences, 115 (43), E10275–E10282.

Arnason, R. (2012). Global warming: New challenges for the common fisheries pol-
icy? Ocean & coastal management, 70, 4–9.

Arreguın-Sánchez, F. (1996). Catchability: A key parameter for fish stock assess-
ment. Reviews in Fish Biology and Fisheries, 6 (2), 221–242.

Bailey, R. M., Carrella, E., Axtell, R., Burgess, M. G., Cabral, R. B., Drexler, M.,
Dorsett, C., Madsen, J. K., Merkl, A., & Saul, S. (2019). A computational
approach to managing coupled human–environmental systems: The poseidon
model of ocean fisheries. Sustainability Science, 14 (2), 259–275.

Bakka, H., Vanhatalo, J., Illian, J., Simpson, D., & Rue, H. (2019). Non-stationary
gaussian models with physical barriers. Spatial statistics, 29, 268–288.

Banerjee, S., Carlin, B. P., & Gelfand, A. E. (2014). Hierarchical modeling and
analysis for spatial data. CRC press.

Barker, N. K., Slattery, S. M., Darveau, M., & Cumming, S. G. (2014). Modeling
distribution and abundance of multiple species: Different pooling strategies
produce similar results. Ecosphere, 5 (12), 1–24.

Bartolino, V., Maiorano, L., & Colloca, F. (2011). A frequency distribution approach
to hotspot identification. Population Ecology, 53 (2), 351–359.

Bastardie, F., Angelini, S., Bolognini, L., Fuga, F., Manfredi, C., Martinelli, M.,
Nielsen, R., Santojanni, A., Scarcella, G., & Grati, F. (2017a). Spatial plan-

189



Integrating commercial fisheries and scientific survey data

ning for fisheries in the northern adriatic: Working toward viable and sus-
tainable fishing. Ecosphere, 8 (2), e01696.

Bastardie, F., Angelini, S., Bolognini, L., Fuga, F., Manfredi, C., Martinelli, M.,
Nielsen, R., Santojanni, A., Scarcella, G., & Grati, F. (2017). Spatial planning
for fisheries in the northern adriatic: Working toward viable and sustainable
fishing. Ecosphere, 8 (2), e01696.

Bastardie, F., Danto, J., Rufener, M.-C., van Denderen, D., Eigaard, O. R., Dinesen,
G. E., & Nielsen, R. (2020). Reducing fisheries impacts on the seafloor: A
bio-economic evaluation of policy strategies for improving sustainability in
the baltic sea. Fisheries Research, 230, 105681.

Bastardie, F., Nielsen, J. R., Ulrich, C., Egekvist, J., & Degel, H. (2010a). Detailed
mapping of fishing effort and landings by coupling fishing logbooks with
satellite-recorded vessel geo-location. Fisheries Research, 106 (1), 41–53.

Bastardie, F., Nielsen, R., Andersen, B. S., & Eigaard, O. R. (2010b). Effects
of fishing effort allocation scenarios on energy efficiency and profitability:
An individual-based model applied to danish fisheries. Fisheries Research,
106 (3), 501–516.

Bastardie, F., Nielsen, R., Eigaard, O. R., Fock, H., Jonsson, P., & Bartolino, V.
(2015). Competition for marine space: Modelling the baltic sea fisheries and
effort displacement under spatial restrictions. ICES Journal of Marine Sci-
ence, 72 (3), 824–840.

Bastardie, F., Nielsen, R., & Miethe, T. (2014). Displace: A dynamic, individual-
based model for spatial fishing planning and effort displacement—integrating
underlying fish population models. Canadian Journal of Fisheries and Aquatic
Sciences, 71 (3), 366–386.

Bellanger, M., & Levrel, H. (2017). A cost-effectiveness analysis of alternative survey
methods used for the monitoring of marine recreational fishing in france.
Ocean & Coastal Management, 138, 19–28.

Bellido, J. M., Santos, M. B., Pennino, M. G., Valeiras, X., & Pierce, G. J. (2011).
Fishery discards and bycatch: Solutions for an ecosystem approach to fisheries
management? Hydrobiologia, 670 (1), 317.

Bellido, J. M., Sumaila, U. R., Sánchez-Lizaso, J. L., Palomares, M. L., & Pauly, D.
(2020). Input versus output controls as instruments for fisheries management
with a focus on mediterranean fisheries. Marine Policy, 103786.

Béné, C., Barange, M., Subasinghe, R., Pinstrup-Andersen, P., Merino, G., Hemre,
G.-I., & Williams, M. (2015). Feeding 9 billion by 2050–putting fish back on
the menu. Food Security, 7 (2), 261–274.

Bentley, N., & Stokes, K. (2009). Moving fisheries from data-poor to data-sufficient:
Evaluating the costs of management versus the benefits of management. Ma-

Chapter 6 190



Integrating commercial fisheries and scientific survey data

rine and Coastal Fisheries: Dynamics, Management, and Ecosystem Science,
1 (1), 378–390.

Berg, C., & Nielsen, A. (2016). Accounting for correlated observations in an age-
based state-space stock assessment model. ICES Journal of Marine Science,
73 (7), 1788–1797.

Berg, T., Fürhaupter, K., Teixeira, H., Uusitalo, L., & Zampoukas, N. (2015).
The marine strategy framework directive and the ecosystem-based approach–
pitfalls and solutions. Marine pollution bulletin, 96 (1-2), 18–28.

Besag, J. (1975). Statistical analysis of non-lattice data. Journal of the Royal Sta-
tistical Society: Series D (The Statistician), 24 (3), 179–195.

Besag, J., & Kooperberg, C. (1995). On conditional and intrinsic autoregressions.
Biometrika, 82 (4), 733–746.

Bossier, S., Palacz, A. P., Nielsen, J. R., Christensen, A., Hoff, A., Maar, M., Gisla-
son, H., Bastardie, F., Gorton, R., & Fulton, E. A. (2018). The baltic sea at-
lantis: An integrated end-to-end modelling framework evaluating ecosystem-
wide effects of human-induced pressures. PloS one, 13 (7), e0199168.

Bourdaud, P., Travers-Trolet, M., Vermard, Y., Cormon, X., & Marchal, P. (2017).
Inferring the annual, seasonal, and spatial distributions of marine species
from complementary research and commercial vessels’ catch rates. ICES
Journal of Marine Science, 74 (9), 2415–2426.

Branch, T. A., Hilborn, R., Haynie, A. C., Fay, G., Flynn, L., Griffiths, J., Marshall,
K. N., Randall, J. K., Scheuerell, J. M., Ward, E. J., Et al. (2006). Fleet
dynamics and fishermen behavior: Lessons for fisheries managers. Canadian
Journal of Fisheries and Aquatic Sciences, 63 (7), 1647–1668.

Brander, K. (2013). Climate and current anthropogenic impacts on fisheries. Cli-
matic Change, 119 (1), 9–21.

Breivik, O. N., Storvik, G., & Nedreaas, K. (2017). Latent gaussian models to predict
historical bycatch in commercial fishery. Fisheries Research, 185, 62–72.

Bunnefeld, N., Hoshino, E., & Milner-Gulland, E. J. (2011). Management strategy
evaluation: A powerful tool for conservation? Trends in ecology & evolution,
26 (9), 441–447.

Cabral, H. N., & Murta, A. G. (2004). Effect of sampling design on abundance esti-
mates of benthic invertebrates in environmental monitoring studies. Marine
Ecology Progress Series, 276, 19–24.

Cadrin, S. X. (2020). Defining spatial structure for fishery stock assessment. Fish-
eries Research, 221, 105397.

Cardinale, M., Dörner, H., Abella, A., Andersen, J. L., Casey, J., Döring, R., Kirkegaard,
E., Motova, A., Anderson, J., Simmonds, E. J., Et al. (2013). Rebuilding eu
fish stocks and fisheries, a process under way? Marine Policy, 39, 43–52.

Chapter 6 191



Integrating commercial fisheries and scientific survey data

Caughlan, L., & Oakley, K. L. (2001). Cost considerations for long-term ecological
monitoring. Ecological indicators, 1 (2), 123–134.

Ceballos, G., Ehrlich, P. R., Barnosky, A. D., Garcıa, A., Pringle, R. M., & Palmer,
T. M. (2015). Accelerated modern human–induced species losses: Entering
the sixth mass extinction. Science advances, 1 (5), e1400253.

CFP, E. (2013). Regulation (eu) no 1380/2013 of the european parliament and of the
council of 11 december 2013 on the common fisheries policy, amending council
regulations (ec) no 1954/2003 and (ec) no 1224/2009 and repealing council
regulations (ec) no 2371/2002 and (ec) no 639/2004 and council decision
2004/585/ec.

Cheung, W. W., Watson, R., & Pauly, D. (2013). Signature of ocean warming in
global fisheries catch. Nature, 497 (7449), 365–368.

Christensen, A.-S., & Raakjær, J. (2006). Fishermen’s tactical and strategic deci-
sions: A case study of danish demersal fisheries. Fisheries research, 81 (2-3),
258–267.

Ciannelli, L., Fauchald, P., Chan, K.-S., Agostini, V. N., & Dingsør, G. E. (2008).
Spatial fisheries ecology: Recent progress and future prospects. Journal of
Marine Systems, 71 (3-4), 223–236.

Cochran, W. (1977). Sampling techniques. John Wiley Sons.
Cochrane, K. L. (2002). A fishery manager’s guidebook: Management measures and

their application. Food & Agriculture Org.
Cogan, C. B., Todd, B. J., Lawton, P., & Noji, T. T. (2009). The role of marine

habitat mapping in ecosystem-based management. ICES Journal of Marine
Science, 66 (9), 2033–2042.

Colloca, F., Bartolino, V., Lasinio, G. J., Maiorano, L., Sartor, P., & Ardizzone,
G. (2009). Identifying fish nurseries using density and persistence measures.
Marine Ecology Progress Series, 381, 287–296.

Conan, G. (1985). Assessment of shellfish stocks by geostatistical techniques.
Conn, P. B. (2010). Hierarchical analysis of multiple noisy abundance indices. Cana-

dian Journal of Fisheries and Aquatic Sciences, 67 (1), 108–120.
Conn, P. B., Thorson, J. T., & Johnson, D. S. (2017). Confronting preferential sam-

pling when analysing population distributions: Diagnosis and model-based
triage. Methods in Ecology and Evolution, 8 (11), 1535–1546.

Cosandey-Godin, A., Krainski, E. T., Worm, B., & Flemming, J. M. (2015). Ap-
plying bayesian spatiotemporal models to fisheries bycatch in the canadian
arctic. Canadian Journal of Fisheries and Aquatic Sciences, 72 (2), 186–197.

Costanza, R., Andrade, F., Antunes, P., Van Den Belt, M., Boersma, D., Boesch,
D. F., Catarino, F., Hanna, S., Limburg, K., Low, B., Et al. (1998). Principles
for sustainable governance of the oceans. Science, 281 (5374), 198–199.

Chapter 6 192



Integrating commercial fisheries and scientific survey data

Cowan Jr, J. H., Rice, J. C., Walters, C., Hilborn, R., Essington, T. E., Day Jr,
J. W., & Boswell, K. M. (2012). Challenges for implementing an ecosystem
approach to fisheries management. Marine and Coastal Fisheries, 4 (1), 496–
510.

Cressie, N. (1993). Statistics for spatial data. John Wiley & Sons.
Cunningham, S., & Gréboval, D. F. (2001). Managing fishing capacity: A review of

policy and technical issues. Food & Agriculture Org.
De Fontaubert, C., & Lutchman, I. (2003). Achieving sustainable fisheries: Imple-

menting the new international legal regime. IUCN.
Dennis, D., Plagányi, É., Van Putten, I., Hutton, T., & Pascoe, S. (2015). Cost

benefit of fishery-independent surveys: Are they worth the money? Marine
Policy, 58, 108–115.

Diggle, P., Menezes, R., & Su, T.-l. (2010). Geostatistical inference under prefer-
ential sampling. Journal of the Royal Statistical Society: Series C (Applied
Statistics), 59 (2), 191–232.

Diggle, P., & Ribeiro, P. (2007). Model-based geostatistics. Springer.
Dinmore, T., Duplisea, D., Rackham, B., Maxwell, D., & Jennings, S. (2003). Impact

of a large-scale area closure on patterns of fishing disturbance and the con-
sequences for benthic communities. ICES Journal of Marine Science, 60 (2),
371–380.

Dolan, T. E., Patrick, W. S., & Link, J. S. (2016). Delineating the continuum of ma-
rine ecosystem-based management: A us fisheries reference point perspective.
ICES Journal of Marine Science, 73 (4), 1042–1050.

E.C. (2008). Directive 2008/56/ec of the european parliament and of the council
of 17 june 2008 establishing a framework for community action in the field
of marine environmental policy (marine strategy framework directive) (text
with eea relevance).

E.C. (2014). Directive 2014/89/eu of the european parliament and of the council of
23 july 2014 establishing a framework for maritime spatial planning.

E.C. (2016). Regulation (eu) 2016/1139 of the european parliament and of the coun-
cil of 6 july 2016 establishing a multiannual plan for the stocks of cod, herring
and sprat in the baltic sea and the fisheries exploiting those stocks, amending
council regulation (ec) n.

E.C. (2017). Regulation (eu) 2017/1004 of the european parliament and of the coun-
cil of 17 may 2017 on the establishment of a union framework for the col-
lection, management and use of data in the fisheries sector and support for
scientific advice regarding the common fisheries policy and repealing council
regulation (ec) no 199/2008.

Chapter 6 193



Integrating commercial fisheries and scientific survey data

Eero, M., Hinrichsen, H.-H., Hjelm, J., Huwer, B., Hüssy, K., Köster, F. W., Margon-
ski, P., Plikshs, M., Storr-Paulsen, M., & Zimmermann, C. (2019). Designing
spawning closures can be complicated: Experience from cod in the baltic sea.
Ocean & Coastal Management, 169, 129–136.

Ehler, C., & Douvere, F. (2007). Visions for a sea change: Report of the first interna-
tional workshop on marine spatial planning, intergovernmental oceanographic
commission and the man and the biosphere programme unesco headquarters.
paris, france. 8-10 november 2006. Unesco.

Eigaard, O. R., Bastardie, F., Hintzen, N. T., Buhl-Mortensen, L., Buhl-Mortensen,
P., Catarino, R., Dinesen, G. E., Egekvist, J., Fock, H. O., Geitner, K., Et al.
(2017). The footprint of bottom trawling in european waters: Distribution,
intensity, and seabed integrity. ICES Journal of Marine Science, 74 (3), 847–
865.

Elith, J., & Leathwick, J. R. (2009). Species distribution models: Ecological ex-
planation and prediction across space and time. Annual review of ecology,
evolution, and systematics, 40, 677–697.

Erisman, B. E., Allen, L. G., Claisse, J. T., Pondella, D. J., Miller, E. F., & Mur-
ray, J. H. (2011). The illusion of plenty: Hyperstability masks collapses in
two recreational fisheries that target fish spawning aggregations. Canadian
Journal of Fisheries and Aquatic Sciences, 68 (10), 1705–1716.

E.U. (2017). Regulation (eu) 2017/1004 of the european parliament and of the coun-
cil of 17 may 2017 on the establishment of a union framework for the col-
lection, management and use of data in the fisheries sector and support for
scientific advice regarding the common fisheries policy and repealing council
regulation (ec) no 199/2008, oj l [[Online; accessed 28-June-2020]].

FAO. (2003). The ecosystem approach to fisheries: Issues, terminology, principles,
institutional foundations, implementation and outlook. Food & Agriculture
Org.

FAO. (2020). The state of world fisheries and aquaculture: Sustainability in action.
FAO.

Feekings, J., Bartolino, V., Madsen, N., & Catchpole, T. (2012). Fishery discards:
Factors affecting their variability within a demersal trawl fishery. PloS one,
7 (4), e36409.

Fernandes, P. G., & Cook, R. M. (2013). Reversal of fish stock decline in the north-
east atlantic. Current Biology, 23 (15), 1432–1437.

Ferrier, S., & Guisan, A. (2006). Spatial modelling of biodiversity at the community
level. Journal of applied ecology, 43 (3), 393–404.

Chapter 6 194



Integrating commercial fisheries and scientific survey data

Field, S. A., Tyre, A. J., & Possingham, H. P. (2005). Optimizing allocation of
monitoring effort under economic and observational constraints. The Journal
of Wildlife Management, 69 (2), 473–482.

Filipe, A. F., Quaglietta, L., Ferreira, M., Magalhães, M. F., & Beja, P. (2017).
Geostatistical distribution modelling of two invasive crayfish across dendritic
stream networks. Biological Invasions, 19 (10), 2899–2912.

Fiorentino, F., Garofalo, G., De Santi, A., Bono, G., Giusto, G., & Norrito, G. (2003).
Spatio-temporal distribution of recruits (0 group) of merluccius merluccius
and phycis blennoides (pisces, gadiformes) in the strait of sicily (central
mediterranean), In Migrations and dispersal of marine organisms. Springer.

Fletcher, R. J., Hefley, T. J., Robertson, E. P., Zuckerberg, B., McCleery, R. A., &
Dorazio, R. M. (2019). A practical guide for combining data to model species
distributions. Ecology, 100 (6), e02710.

Foley, M. M., Halpern, B. S., Micheli, F., Armsby, M. H., Caldwell, M. R., Crain,
C. M., Prahler, E., Rohr, N., Sivas, D., Beck, M. W., Et al. (2010). Guiding
ecological principles for marine spatial planning. Marine policy, 34 (5), 955–
966.

Fournier, D., & Archibald, C. P. (1982). A general theory for analyzing catch at age
data. Canadian Journal of Fisheries and Aquatic Sciences, 39 (8), 1195–1207.

Franklin, J. (2010). Mapping species distributions: Spatial inference and prediction.
Cambridge University Press.

Fulton, E. A., Fuller, M., Smith, A., & Punt, A. (2004). Ecological indicators of the
ecosystem effects of fishing.

Fulton, E. A., Smith, A. D., & Punt, A. E. (2005). Which ecological indicators can
robustly detect effects of fishing? ICES Journal of Marine Science, 62 (3),
540–551.

Gaines, S. D., White, C., Carr, M. H., & Palumbi, S. R. (2010). Designing marine
reserve networks for both conservation and fisheries management. Proceedings
of the National Academy of Sciences, 107 (43), 18286–18293.

Garcia, S. M., Ye, Y., Rice, J., & Charles, A. (2018). Rebuilding of marine fish-
eries part 1: Global review. FAO Fisheries and Aquaculture Technical Paper,
(630/1), I–274.

Gascuel, D., Coll, M., Fox, C., Guénette, S., Guitton, J., Kenny, A., Knittweis, L.,
Nielsen, R., Piet, G., Raid, T., Et al. (2016). Fishing impact and environ-
mental status in e uropean seas: A diagnosis from stock assessments and
ecosystem indicators. Fish and Fisheries, 17 (1), 31–55.

Gelfand, A. E., Diggle, P., Guttorp, P., & Fuentes, M. (2010). Handbook of spatial
statistics. CRC press.

Chapter 6 195



Integrating commercial fisheries and scientific survey data

Goñi, R., Hilborn, R., Dıaz, D., Mallol, S., & Adlerstein, S. (2010). Net contribution
of spillover from a marine reserve to fishery catches. Marine Ecology Progress
Series, 400, 233–243.

Goti-Aralucea, L., Fitzpatrick, M., Döring, R., Reid, D., Mumford, J., & Rindorf,
A. (2018). Overarching sustainability objectives overcome incompatible di-
rections in the common fisheries policy. Marine Policy, 91, 49–57.

Grüss, A., Biggs, C. R., Heyman, W. D., & Erisman, B. (2019). Protecting juveniles,
spawners or both: A practical statistical modelling approach for the design
of marine protected areas. Journal of Applied Ecology, 56 (10), 2328–2339.

Grüss, A., Robinson, J., Heppell, S. S., Heppell, S. A., & Semmens, B. X. (2014).
Conservation and fisheries effects of spawning aggregation marine protected
areas: What we know, where we should go, and what we need to get there.
ICES Journal of Marine Science, 71 (7), 1515–1534.

Grüss, A., & Thorson, J. T. (2019). Developing spatio-temporal models using mul-
tiple data types for evaluating population trends and habitat usage. ICES
Journal of Marine Science, 76 (6), 1748–1761.

Guillard, J., Gerdeaux, D., & Chautru, J.-M. (1990). The use of geostatistics for
abundance estimation by echo integration in lakes: The example of lake an-
necy. P.-V. Réun. Cons. Perm. Int. Explor. Mer, 189, 410–14.

Guisan, A., & Thuiller, W. (2005). Predicting species distribution: Offering more
than simple habitat models. Ecology letters, 8 (9), 993–1009.

Guo, D., & Wu, J. (2013). A complete ranking of dmus with undesirable outputs us-
ing restrictions in dea models. Mathematical and Computer Modelling, 58 (5-
6), 1102–1109.

Hall, M. A., Alverson, D. L., & Metuzals, K. I. (2000). By-catch: Problems and
solutions. Marine pollution bulletin, 41 (1-6), 204–219.

Halpern, B. S., Gaines, S. D., & Warner, R. R. (2004). Confounding effects of the
export of production and the displacement of fishing effort from marine re-
serves. Ecological Applications, 14 (4), 1248–1256.

Halpern, B. S., & Warner, R. R. (2002). Marine reserves have rapid and lasting
effects. Ecology letters, 5 (3), 361–366.

Harley, S., Myers, R., & Dunn, A. (2001). Is catch-per-unit-effort proportional
to abundance? Canadian Journal of Fisheries and Aquatic Sciences, 58 (9),
1760–1772.

Helser, T. E., Punt, A. E., & Methot, R. D. (2004). A generalized linear mixed
model analysis of a multi-vessel fishery resource survey. Fisheries Research,
70 (2-3), 251–264.

Hilborn, R. (2011a). Overfishing: What everyone needs to know R©. Oxford University
Press.

Chapter 6 196



Integrating commercial fisheries and scientific survey data

Hilborn, R. (2011b). Future directions in ecosystem based fisheries management: A
personal perspective. Fisheries Research, 108 (2-3), 235–239.

Hilborn, R. (2006). Faith-based fisheries. Fisheries, 31 (11), 554–555.
Hilborn, R. (2007). Managing fisheries is managing people: What has been learned?

Fish and Fisheries, 8 (4), 285–296.
Hilborn, R., & Ovando, D. (2014). Reflections on the success of traditional fisheries

management. ICES journal of Marine Science, 71 (5), 1040–1046.
Hilborn, R., & Walters, C. (1992). Quantitative fisheries stock assessment: Choice,

dynamics and uncertainty. Springer Science & Business Media.
Hinrichsen, H., Hüssy, K., & Huwer, B. (2012). Spatio-temporal variability in western

baltic cod early life stage survival mediated by egg buoyancy, hydrography
and hydrodynamics. ICES Journal of Marine Science, 69 (10), 1744–1752.

Hinrichsen, H., Voss, R., Wieland, K., Köster, F., Andersen, K. H., & Margonski, P.
(2007). Spatial and temporal heterogeneity of the cod spawning environment
in the bornholm basin, baltic sea. Marine Ecology Progress Series, 345, 245–
254.

Holland, D. S. (2010). Management strategy evaluation and management proce-
dures: Tools for rebuilding and sustaining fisheries. OECD.

Horwood, J., Nichols, J., & Milligan, S. (1998). Evaluation of closed areas for fish
stock conservation. Journal of Applied Ecology, 893–903.

Hüssy, K. (2011). Review of western baltic cod (gadus morhua) recruitment dynam-
ics. ICES Journal of Marine Science, 68 (7), 1459–1471.

ICES. (2019a). Benchmark workshop on baltic cod stocks (wkbaltcod2). Interna-
tional Council for the Exploration of the Sea (ICES).

ICES. (2019b). Baltic sea ecoregion-fisheries overview. ices advice report. Interna-
tional Council for the Exploration of the Sea (ICES).

ICES. (2019c). Cod (gadus morhua) in subdivisions 22-24, western baltic stock
(western baltic sea). ices advice on fishing opportunities, catch, and effort.
International Council for the Exploration of the Sea (ICES).

ICES. (2019d). Ices strategic plan. International Council for the Exploration of the
Sea (ICES).

ICES. (2004). Report of the ices advisory committee on fishery management and
advisory committee on ecosystems.

ICES. (2012). Manual for the international bottom trawl surveys – series of ices
survey protocols sisp 1-ibts viii. ICES.

ICES. (2015). General context of ices advice.
ICES. (2016). Ices wkcostben report of the workshop on cost benefit analysis of data

collection in support of stock assessment and fishery management, 28 june-01
july 2016, ices hq.

Chapter 6 197



Integrating commercial fisheries and scientific survey data

ICES. (2017). Manual for the baltic international trawl surveys (bits) – series of ices
survey protocols sisp 7.

ICES. (2018). Baltic fisheries assessment working group (wgbfas). International
Council for the Exploration of the Sea (ICES).

Illian, J., Martino, S., Sørbye, S. H., Gallego-Fernández, J. B., Zunzunegui, M.,
Esquivias, M. P., & Travis, J. M. (2013). Fitting complex ecological point
process models with integrated nested laplace approximation. Methods in
Ecology and Evolution, 4 (4), 305–315.

Illian, J., Penttinen, A., Stoyan, H., & Stoyan, D. (2008). Statistical analysis and
modelling of spatial point patterns (Vol. 70). John Wiley & Sons.

Isaac, N. J., Jarzyna, M. A., Keil, P., Dambly, L. I., Boersch-Supan, P. H., Browning,
E., Freeman, S. N., Golding, N., Guillera-Arroita, G., Henrys, P. A., Et al.
(2019). Data integration for large-scale models of species distributions. Trends
in ecology & evolution, 35 (1), 56–67.

Janßen, H., Bastardie, F., Eero, M., Hamon, K. G., Hinrichsen, H., Marchal, P.,
Nielsen, J. R., Le Pape, O., Schulze, T., Simons, S., Et al. (2018). Integration
of fisheries into marine spatial planning: Quo vadis? Estuarine, Coastal and
Shelf Science, 201, 105–113.

Jardim, E., & Ribeiro, P. J. (2007). Geostatistical assessment of sampling designs
for portuguese bottom trawl surveys. Fisheries Research, 85 (3), 239–247.

Jennings, S., Kaiser, M., & Reynolds, J. (2013).Marine fisheries ecology. John Wiley
Sons.

Kai, M., Thorson, J. T., Piner, K. R., & Maunder, M. (2017). Spatiotemporal vari-
ation in size-structured populations using fishery data: An application to
shortfin mako (isurus oxyrinchus) in the pacific ocean. Canadian Journal of
Fisheries and Aquatic Sciences, 74 (11), 1765–1780.

King, M. (2013). Fisheries biology, assessment and management. John Wiley Sons.
Kristensen, K. (2009). Statistical aspects of heterogeneous population dynamics (Doc-

toral dissertation). University of Copenhagen.
Kristensen, K., & Berg, C. (2018). Datras: Read and convert raw data obtained

from http://datras.ices.dk/dataproducts/download/downloaddatapublic.aspx
[R package version 1.01]. R package version 1.01.

Kristensen, K., Nielsen, A., Berg, C., Skaug, H., & Bell, B. (2016). Tmb: Automatic
differentiation and laplace approximation. Journal of Statistical Software, 70,
1–21.

Kristensen, K., Thygesen, U. H., Andersen, K. H., & Beyer, J. E. (2014). Estimating
spatio-temporal dynamics of size-structured populations. Canadian Journal
of Fisheries and Aquatic Sciences, 71 (2), 326–336.

Chapter 6 198



Integrating commercial fisheries and scientific survey data

Larkin, P. A. (1977). An epitaph for the concept of maximum sustained yield. Trans-
actions of the American fisheries society, 106 (1), 1–11.

Legendre, P., Dale, M. R., Fortin, M.-J., Gurevitch, J., Hohn, M., & Myers, D.
(2002). The consequences of spatial structure for the design and analysis of
ecological field surveys. Ecography, 25 (5), 601–615.

Leslie, H. M., & McLeod, K. L. (2007). Confronting the challenges of implementing
marine ecosystem-based management. Frontiers in Ecology and the Environ-
ment, 5 (10), 540–548.

Lester, S. E., Halpern, B. S., Grorud-Colvert, K., Lubchenco, J., Ruttenberg, B. I.,
Gaines, S. D., Airamé, S., & Warner, R. R. (2009). Biological effects within
no-take marine reserves: A global synthesis. Marine Ecology Progress Series,
384, 33–46.

Lindén, A., & Mäntyniemi, S. (2011). Using the negative binomial distribution to
model overdispersion in ecological count data. Ecology, 92 (7), 1414–1421.

Lindgren, F., Rue, H., & Lindström, J. (2011). An explicit link between gaussian
fields and gaussian markov random fields: The stochastic partial differential
equation approach. Journal of the Royal Statistical Society: Series B (Statis-
tical Methodology), 73 (4), 423–498.

Liu, Y., Chen, Y., & Cheng, J. (2009). A comparative study of optimization methods
and conventional methods for sampling design in fishery-independent surveys.
ICES Journal of Marine Science, 66 (9), 1873–1882.

Lo, N. C., Smith, P. E., & Takahashi, M. (2016). Egg, larval and juvenile surveys.
Fish Reproductive Biology: Implications for Assessment and Management,
229–251.

Long, R. D., Charles, A., & Stephenson, R. L. (2015). Key principles of marine
ecosystem-based management. Marine Policy, 57, 53–60.

Ludwig, D., Hilborn, R., & Walters, C. (1993). Uncertainty, resource exploitation,
and conservation: Lessons from history. Ecological applications, 548–549.

MAFMC. (2006). Mafmc - evolution towards an ecosystem approach to fisheries
(eaf).

Marchal, P., Bartelings, H., Bastardie, F., Batsleer, J., Delaney, A., Girardin, R.,
Gloaguen, P., Hamon, K., Hoefnagel, E., Jouanneau, C., Mahevas, S., Nielsen,
R., Piwowarczyk, J., Poos, J., Schulze, T., Rivot, E., Simons, S., Tidd, A.,
Vermard, Y., & Woillez, M. (2014). Mechanisms of change in human be-
haviour – vectors deliverable 2.3.1.

Marchal, P., Andersen, B., Bromley, D., Iriondo, A., Mahévas, S., Quirijns, F., Rack-
ham, B., Santurtún, M., Tien, N., & Ulrich, C. (2006). Improving the def-
inition of fishing effort for important european fleets by accounting for the

Chapter 6 199



Integrating commercial fisheries and scientific survey data

skipper effect. Canadian Journal of Fisheries and Aquatic Sciences, 63 (3),
510–533.

Marchal, P., Andersen, J. L., Aranda, M., Fitzpatrick, M., Goti, L., Guyader, O.,
Haraldsson, G., Hatcher, A., Hegland, T. J., Le Floc’h, P., Et al. (2016). A
comparative review of fisheries management experiences in the e uropean u
nion and in other countries worldwide: I celand, a ustralia, and n ew z ealand.
Fish and Fisheries, 17 (3), 803–824.

Maunder, M., Cadrin, S. X., & Punt, A. E. (2020b). Spatial structure: Theory,
estimation and application in stock assessment models. Fisheries Research,
229, 105617.

Maunder, M., & Punt, A. (2004). Standardizing catch and effort data: A review of
recent approaches. Fisheries research, 70 (2-3), 141–159.

Maunder, M., & Punt, A. E. (2013). A review of integrated analysis in fisheries stock
assessment. Fisheries Research, 142, 61–74.

Maunder, M., Sibert, J., Fonteneau, A., Hampton, J., Kleiber, P., & Harley, S.
(2006). Interpreting catch per unit effort data to assess the status of individ-
ual stocks and communities. ICES Journal of Marine Science, 63 (8), 1373–
1385.

Maunder, M., Thorson, J. T., Xu, H., Oliveros-Ramos, R., Hoyle, S. D., Tremblay-
Boyer, L., Lee, H. H., Kai, M., Chang, S.-K., Kitakado, T., Et al. (2020a).
The need for spatio-temporal modeling to determine catch-per-unit effort
based indices of abundance and associated composition data for inclusion in
stock assessment models. Fisheries Research, 229, 105594.

Maureaud, A. (2020). Biodiversity-ecosystem functioning relationships in marine
communities: Evidence from large—scale observations and modelling (Doc-
toral dissertation). Technical Univeristy of Denmark.

McClanahan, T., Allison, E. H., & Cinner, J. E. (2015). Managing fisheries for
human and food security. Fish and Fisheries, 16 (1), 78–103.

Meaden, G. J., Aguilar-Manjarrez, J., Corner, R. A., O’Hagan, A. M., & Cardia,
F. (2016). Marine spatial planning for enhanced fisheries and aquaculture
sustainability: Its application in the near east. FAO Fisheries and Aquaculture
Technical Paper, (604), 1–91.

Micheli, F. (1999). Eutrophication, fisheries, and consumer-resource dynamics in
marine pelagic ecosystems. Science, 285 (5432), 1396–1398.

Miethe, T., Bastardie, F., von Dorrien, C., & Nielsen, R. (2014). Impact assessment
of a fisheries closure with effort and landings spatial analyses: A case study
in the western baltic sea. Fisheries research, 157, 170–179.

Chapter 6 200



Integrating commercial fisheries and scientific survey data

Miller, D., Pacifici, K., Sanderlin, J. S., & Reich, B. J. (2018). The recent past and
promising future for data integration methods to estimate species’ distribu-
tions. Methods in Ecology and Evolution, 10 (1), 22–37.

Miller, T., Skalski, J. R., & Ianelli, J. N. (2007). Optimizing a stratified sampling
design when faced with multiple objectives. ICES Journal of Marine Science,
64 (1), 97–109.

Møller, J., Syversveen, A. R., & Waagepetersen, R. (1998). Log gaussian cox pro-
cesses. Scandinavian journal of statistics, 25 (3), 451–482.

Møller, J., & Waagepetersen, R. (2007). Modern statistics for spatial point processes.
Scandinavian Journal of Statistics, 34 (4), 643–684.

Monnahan, C. C., & Kristensen, K. (2018). No-u-turn sampling for fast bayesian
inference in admb and tmb: Introducing the adnuts and tmbstan r packages.
PloS one, 13 (5), e0197954.

Mota-Ferreira, M., & Beja, P. (2020). Combining geostatistical and biotic interaction
model to predict amphibian refuges under crayfish invasion across dendritic
stream networks. Diversity and Distributions, 26 (6), 699–714.

Munoz, F., Pennino, M. G., Conesa, D., López-Quılez, A., & Bellido, J. M. (2013).
Estimation and prediction of the spatial occurrence of fish species using
bayesian latent gaussian models. Stochastic Environmental Research and Risk
Assessment, 27 (5), 1171–1180.

Muradian, M. L., Branch, T. A., & Punt, A. E. (2019). A framework for assessing
which sampling programmes provide the best trade-off between accuracy and
cost of data in stock assessments. ICES Journal of Marine Science, 76 (7),
2102–2113.

Myers, R. A., & Worm, B. (2003). Rapid worldwide depletion of predatory fish
communities. Nature, 423 (6937), 280–283.

NAFO. (2008). Report of the nafo scientific council working group on ecosystem
approach to fisheries management (wgeafm).

Nelson, T. A., & Boots, B. (2008). Detecting spatial hot spots in landscape ecology.
Ecography, 31 (5), 556–566.

New, L. F., Hall, A. J., Harcourt, R., Kaufman, G., Parsons, E., Pearson, H. C.,
Cosentino, A. M., & Schick, R. S. (2015). The modelling and assessment of
whale-watching impacts. Ocean & Coastal Management, 115, 10–16.

Nielsen, A., & Berg, C. (2014). Estimation of time-varying selectivity in stock as-
sessments using state-space models. Fisheries Research, 158, 96–101.

Nielsen, J., & Mathiesen, C. (2006). Stakeholder preferences for danish fisheries
management of sand eel and norway pout. Fisheries Research, 77 (1), 92–
101.

Chapter 6 201



Integrating commercial fisheries and scientific survey data

Nielsen, R. (2015). Methods for integrated use of fisheries research survey informa-
tion in understanding marine fish population ecology and better management
advice (Doctoral dissertation). University of Wageningen.

Nielsen, R., Kristensen, K., Lewy, P., & Bastardie, F. (2014). A statistical model
for estimation of fish density including correlation in size, space, time and
between species from research survey data. PLoS One, 11 (2), e0148722.

Nielsen, R., Lundgren, B., Kristensen, K., & Bastardie, F. (2013). Localisation of
nursery areas based on comparative analyses of the horizontal and vertical
distribution patterns of juvenile baltic cod (gadus morhua). PloS one, 8 (8),
e70668.

Nielsen, R., Thunberg, E., Holland, D. S., Schmidt, J. O., Fulton, E. A., Bastardie,
F., Punt, A. E., Allen, I., Bartelings, H., Bertignac, M., Et al. (2018). In-
tegrated ecological–economic fisheries models—evaluation, review and chal-
lenges for implementation. Fish and Fisheries, 19 (1), 1–29.

NRC. (1999). Sustaining marine fisheries. National Academies Press.
NRC. (2001). Marine protected areas: Tools for sustaining ocean ecosystems. Na-

tional Academies Press.
NRC, N. R. C. (2000). Improving the collection, management, and use of marine

fisheries data. National Academies Press.
Olesen, O. B., & Petersen, N. C. (2016). Stochastic data envelopment analysis—a

review. European Journal of Operational Research, 251 (1), 2–21.
Ono, K., Ianelli, J. N., McGilliard, C. R., & Punt, A. E. (2017). Integrating data

from multiple surveys and accounting for spatio-temporal correlation to index
the abundance of juvenile pacific halibut in alaska. ICES Journal of Marine
Science, 75 (2), 572–584.

Ono, K., Licandeo, R., Muradian, M. L., Cunningham, C. J., Anderson, S. C.,
Hurtado-Ferro, F., Johnson, K. F., McGilliard, C. R., Monnahan, C. C.,
Szuwalski, C. S., Et al. (2015). The importance of length and age com-
position data in statistical age-structured models for marine species. ICES
Journal of Marine Science, 72 (1), 31–43.

Pacifici, K., Reich, B. J., Miller, D. A., Gardner, B., Stauffer, G., Singh, S., McKer-
row, A., & Collazo, J. A. (2017). Integrating multiple data sources in species
distribution modeling: A framework for data fusion. Ecology, 98 (3), 840–850.

Pagel, J., Anderson, B. J., O’Hara, R. B., Cramer, W., Fox, R., Jeltsch, F., Roy,
D. B., Thomas, C. D., & Schurr, F. M. (2014). Quantifying range-wide vari-
ation in population trends from local abundance surveys and widespread
opportunistic occurrence records. Methods in Ecology and Evolution, 5 (8),
751–760.

Chapter 6 202



Integrating commercial fisheries and scientific survey data

Paradinas, I. (2016). Species distribution modelling in fisheries science (Doctoral
dissertation). University of Valencia.

Paradinas, I., Conesa, D., López-Quılez, A., & Bellido, J. M. (2017). Spatio-temporal
model structures with shared components for semi-continuous species distri-
bution modelling. Spatial Statistics, 22, 434–450.

Paradinas, I., Conesa, D., Pennino, M. G., Muñoz, F., Fernández, A. M., López-
Quılez, A., & Bellido, J. M. (2015). Bayesian spatio-temporal approach to
identifying fish nurseries by validating persistence areas. Marine Ecology
Progress Series, 528, 245–255.

Paradinas, I., Pennino, M. G., Lopez-Quilez, A., Marin, M., Bellido, J. M., & Conesa,
D. (2018). Modelling spatially sampled proportion processes. RevStat, 16 (1),
71–86.

Pascoe, S., Hutton, T., van Putten, I., Dennis, D., Skewes, T., Plagányi, É., &
Deng, R. (2013). Dea-based predictors for estimating fleet size changes when
modelling the introduction of rights-based management. European Journal
of Operational Research, 230 (3), 681–687.

Pascoe, S., & Mardle, S. (2003). Efficiency analysis in eu fisheries: Stochastic produc-
tion frontiers and data envelopment analysis – cemare report 60 (CEMARE
No. 60). University of Portsmouth.

Pauly, D. (2009). Aquacalypse now.
Pauly, D., Christensen, V., Guénette, S., Pitcher, T. J., Sumaila, U. R., Walters, C.,

Watson, R., & Zeller, D. (2002). Towards sustainability in world fisheries.
Nature, 418 (6898), 689–695.

Pauly, D., Hilborn, R., & Branch, T. A. (2013). Fisheries: Does catch reflect abun-
dance? Nature, 494 (7437), 303–306.

Pedersen, M. W., & Berg, C. W. (2017). A stochastic surplus production model in
continuous time. Fish and Fisheries, 18 (2), 226–243.

Pendleton, L. H., Ahmadia, G. N., Browman, H. I., Thurstan, R. H., Kaplan, D. M.,
& Bartolino, V. (2018). Debating the effectiveness of marine protected areas.
ICES Journal of Marine Science, 75 (3), 1156–1159.

Pennino, M. G., Muñoz, F., Conesa, D., López-Quίlez, A., & Bellido, J. M. (2013).
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