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PERMANOVA Permutational multivariate dissimilarity-based ANOVA

PERMDISP Tests of homogeneity of dispersions

PIT Passive integrated transponder

RF Radio frequency

RMSE Root mean square error

ROV Remotely operated vehicles

RR Relative risk ratio

RWS Rijkswaterstaat

SAC Species accumulation curve

SDM Species distribution model

SEC South Equatorial Current

SST Sea surface temperature

STI Space-time interaction

STST Selective tidal stream transport
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TMI Tidal movement interval

UVC Underwater visual census

WGEEL Working group on eels

WS Westerschelde

WSR Wilcoxon signed-rank

ZS Zeeschelde
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Summary

Although innovative �sh monitoring techniques allow to study previously unconsidered

aspects of �sh ecology and/or allow to collect data in a more e�cient way, they also bring

along new challenges in terms of data collection, analysis and interpretation. If the trade-o�

of methodological parameters is unknown, the uncertainty tied up with imperfect data not

acknowledged, or the existing modelling frameworks inadequate, the ultimate bene�t of

including innovative techniques for monitoring and management programs might be limited.

Although these issues in the scienti�c process are strongly interconnected, optimization

e�orts are often restricted to one aspect of the scienti�c process at a time. In this thesis

a more holistic optimization approach was implemented and evaluated. It allowed to

determine the repercussions of changes to the conceptual model, sampling design, data

collection, and modelling framework on any other aspect and to set optimization priorities

across all aspects. Methodological considerations of two rapidly advancing techniques, video

monitoring and telemetry, were studied and used as case studies for the suggested approach.

More speci�cally, the potential of video transects and passive acoustic telemetry networks

to assess, respectively, the assemblage structure of coastal reef �sh in the Galapagos and

�sh migration in the Scheldt estuary, was discussed.

These techniques provided useful insights in the environmental pressures that a�ect the local

�sh assemblages of the Galapagos and in the environmental drivers that a�ect migration

of eel in the Scheldt Estuary. Nevertheless, some gaps were identi�ed and methodologies

could be optimized further to allow more e�cient data collection, more appropriate data

analysis and more insightful data interpretation.
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Video transects: The observer bias in the video transects was generally limited, but sampling

variability, which comprised simple counting/identi�cation errors, observer e�ects, and

instantaneous �sh displacement, was often important. Depending on the ecological response

and methodological parameters di�erent levels of sampling variability were observed. On

the one hand, abundance estimates of single species that were shy, rare, sedentary, or showed

schooling or cryptic behavior and sampling designs consisting of few repeats, few transects

and short transect lengths were faced with relatively large levels of unaccounted sampling

variability (90 %). On the other hand, estimates of �sh assemblage structure and diversity

in combination with sampling designs that (in order of decreasing importance) included

more transects, repeats, and longer transect lengths were characterized by relatively low

unaccounted sampling variabilities (17%). The variability in �sh assemblage structure at

the �nest spatial (i.e. 1 hectare) and temporal (i.e. 1 week) scales, which most of the

sampling variability consists of, was found the result of di�cult to predict community

dynamics related to �sh displacement, rather than more readable biological responses to

changing environmental conditions.

Telemetry: In case spatial resolution was maximal, the uncertainty of telemetry position

estimates was extensive. However, even a small decrease in spatial resolution of 20 %

caused the uncertainty to decrease with 90 %, highlighting the importance of balancing

data requirements. Using acoustic receivers as gates that �sh needed to pass to leave the

detection area, allowed the estimation of periods of residency or zero movement. Zero

values are not common in passive telemetry data, but two-part and three-part models, used

in econometric studies to model customer behavior, provided promising results.

Relying on the existing knowledge of both techniques to guide the data collection, analysis

and interpretation already provided relatively reliable answers to the applied research

questions. However, the gained insights in the di�erent methodological aspects of both

techniques hold value for future studies. More optimal sampling designs allowed for more

precision and power, uncertainty quanti�cations and reductions allowed to evaluate and

balance data requirements and more complex models integrating di�erent behavioral aspects

allowed to get most of the information stored in upgraded data sets. Instead of focusing on

one aspect alone, researchers should put the hurdles they face in a wider context. Rather

than facing a road of hurdles, it might be bene�cial to take a step back and reconsider how

data should be collected, analyzed, and interpreted.
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Samenvatting

Innovatieve vismonitoringstechnieken maken het mogelijk om nieuwe aspecten van visecologie

te bestuderen en/of om data op een e�ci•entere manier te verzamelen, maar ze brengen

ook nieuwe uitdagingen met zich mee op het gebied van dataverzameling, analyse en

interpretatie. Als het belang van methodologische parameters ongekend is, de onzekerheid

geassocieerd met onvolmaakte data niet wordt erkend of de bestaande conceptuele modellen

onvoldoende zijn, zal het uiteindelijke voordeel van innovatieve technieken voor monitoring-

en beheerprogramma's beperkt zijn. Hoewel deze problemen in het wetenschappelijke proces

sterk met elkaar zijn verbonden, worden optimalisatie-inspanningen vaak beperkt tot �e�en

aspect van het wetenschappelijke proces tegelijk. In deze thesis werd een meer holistische

optimalisatiebenadering ge•�mplementeerd en ge•evalueerd. Deze benadering liet toe om het

e�ect van wijzigingen in het conceptuele model, het staalname ontwerp, de dataverzameling

en de modelstructuur op elk ander aspect te bepalen en om optimalisatie-prioriteiten voor

het hele proces te identi�ceren.

Methodologische overwegingen van twee snel ontwikkelende technieken (videotransecten en

telemetrie) werden bestudeerd en gebruikt als casestudies voor de voorgestelde benadering.

Meer bepaald werd het potentieel van videotransecten en passieve akoestische telemetrie-

netwerken besproken om respectievelijk de gemeenschapsstructuur van rifvissen in de

Galapagos en vismigratie in het Schelde-estuarium te onderzoeken. Deze technieken leverden

bruikbare inzichten in de milieudruk op de lokale visgemeenschappen van de Galapagos en

in de omgevingsfactoren die de migratie van paling in het Schelde-estuarium be•�nvloeden.

Desalniettemin werden er enkele hiaten gedetecteerd en konden methodologie•en verder
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worden geoptimaliseerd om e�ci•entere dataverzameling en meer toegepaste data-analyse en

data-interpretatie te garanderen.

Videotransecten: De waarnemersbias in de videotransecten was over het algemeen beperkt,

maar de steekproefvariabiliteit, die veroorzaakt werd door tel/identi�catiefouten, waarne-

merse�ecten en onvoorspelbare visbeweging, was vaak belangrijk. Steekproefvariabiliteit

was afhankelijk van de ecologische respons en methodologische parameters. Steekproe-

fontwerpen met een beperkt aantal herhalingen en transecten en korte transectlengtes

voor densiteit inschattingen van verlegen, zeldzame of sedentaire soorten die school- of

cryptisch gedrag vertoonden, werden gekenmerkt door een relatief hoge niet-verantwoorde

steekproefvariabiliteit (90 %). Steekproefontwerpen met (in afnemende mate van belang)

meer transecten, meer herhalingen en langere transectlengtes voor schattingen van de

structuur en diversiteit van de visgemeenschap, werden gekenmerkt door relatief lage

niet-verantwoorde steekproefvariabiliteit (17%). De variabiliteit in de structuur van de

visgemeenschap op de �jnste ruimtelijke (1 hectare) en temporele (1 week) schaal, is de

belangrijkste bron van steekproefvariabiliteit. De biologische dynamiek op deze schaal bleek

moeilijk te voorspellen door de afwezigheid van meetbare causale verbanden.

Telemetrie: Als de ruimtelijke resolutie maximaal was, was de onzekerheid van positie-

schattingen groot. Een kleine afname van de ruimtelijke resolutie van 20 % zorgde er echter

voor dat de onzekerheid met 90 % afnam. Dit benadrukt het belang van het balanceren

van datavereisten. Door akoestische ontvangers te gebruiken als poorten die vissen moeten

passeren om het detectiegebied te verlaten, konden de residenties bepaald en ge•�ntegreerd

worden als nulwaarden. Nulwaarden zijn niet gebruikelijk in passieve-telemetriedata, maar

tweedelige en driedelige modellen, gebruikt in econometrische studies om klantgedrag te

modelleren, leverden veelbelovende resultaten op.

Vertrouwen op de bestaande kennis van beide technieken om de dataverzameling, analyse

en interpretatie te sturen, leverden al relatief betrouwbare antwoorden op de toegepaste

onderzoeksvragen. De verworven inzichten in de verschillende methodologische aspecten

kunnen echter een belangrijke meerwaarde zijn: Geoptimaliseerde steekproefontwerpen

zorgden voor meer precisie en power; kwanti�cering en reductie van onzekerheid maakten

het mogelijk om datavereisten te evalueren en balanceren; complexere gedragsmodellen

konden meer informatie uit ge•upgradede datasets halen. Onderzoekers moeten hindernissen

in een bredere context durven plaatsen en zich niet beperken tot �e�en aspect alleen. Een

stap terugzetten om data verzameling, analyse en interpretatie te herevalueren, kan daartoe

bijdragen.
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CHAPTER1

General Introduction

1.1 The importance of ecological knowledge for envi-

ronmental management

The natural environment provides a wide ranges of services that contribute to human

welfare and therefore hold economic value (Costanza et al., 1997). This economic value

becomes more clear if the potential e�ects of losing ecosystem services are considered. For

example, because pollinating insects play a vital role in agricultural practices, shortages in

pollination services would reduce yields and intensify demand for agricultural land (Aizen

et al., 2009). Additionally, because trees are important sinks for CO2, further deforestation

would intensify the ongoing climate change which in turn would cause stronger droughts,

weather events and sea level rising (Malhi et al., 2008). In order to preserve our natural

resources and the services they provide, such as clean water to drink and healthy air to

breathe, the natural environment needs to be exploited in a sustainable way. In the light

of climate change and the increasing demand for resources due to population increase,

environmental management is paramount (Allen et al., 2010). Environmental management

can refer, among many other things, to a goal or vision, to attempts to steer a process,

to the application of a set of tools, to a philosophical exercise seeking to establish new

perspectives towards the environment and human societies (Barrow, 2006). Despite it being

very loosely de�ned, the success rate of environmental management is highly dependent
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General Introduction

1 on the level of scienti�c knowledge, especially related to ecological functioning. Ecology is

de�ned as the relationships within and among communities, and between those communities

and their abiotic environment. For example, an invasive plant species might out-compete

local plant species while depleting the reserve of micro-nutrients in the soil, a�ecting both

biotic and abiotic aspects of the environment. Understanding the abiotic conditions in

which this species thrives and its relationship with native species is vital to propose sound

management strategies. Other practical monitoring and management examples in which

ecological knowledge is used, include the use of indicator species to quantify pollution and

conservation planning for endangered species.

1.2 How to gain ecological knowledge?

Most ecological studies that aim to improve ecological knowledge of, for example, species

habitat preferences, responses to pressures, or biotic interactions, make use of available

data, sampling techniques, data analysis techniques, and conceptual models. However, what

is available might not necessarily be optimal to gather the required information. These

studies most often acknowledge the limitations of working with imperfect data, models, and

techniques, but suggestions on how to deal with these limitations often remain inconcrete,

vague, or even absent. Although, upgrading the available toolbox based on previously

encountered limitations will involve additional short-term costs, the long-term bene�ts from

reduced uncertainty and/or more e�cient information collection might outweigh them (see

section 1.6). Future studies with similar objectives or longterm monitoring programs are

likely to bene�t from upgraded, more appropriate techniques.

In this thesis, two ongoing ecological projects, that aim to �ll important knowledge gaps,

show potential to be upgraded (see sections 1.6, 2.1.6, and 2.2.6), and can be relevant

for management, were selected as case studies to illustrate how studies can bene�t from

improved toolboxes. The �rst case study aims to understand the environmental drivers that

shape coastal �sh assemblages in the Galapagos. Because of the increasing anthropogenic

pressures in the Galapagos, such as the pollution of coastal waters, local marine ecosystems

are likely to be altered (Alava et al., 2014; Fern�andez, 2008; Hardter et al., 2010; Ministry

of Tourism of Ecuador, 2019). Understanding how changes in the water quality a�ect �sh

assemblages will allow appropriate management actions, such as improved waste water

treatment, to be selected. The second case study aims to identify the environmental

drivers that a�ect the migration of the critically endangered European eel (Jacoby and
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Gollock, 2014; Solomon and Ahmed, 2016). Because of the severe decrease of its population,

understanding the crucial life stages of the European eel, such as its spawning migration, is

paramount to aid eel conservation management (ICES, 2019). More speci�cally, insights in

the environmental drivers that a�ect its migration are important to select sound management

actions such as barrier adaptation.

In the �rst stage of each case study, (i) available techniques were used to improve ecological

knowledge, (ii) limitations of these techniques were identi�ed, and (iii) suggestions to deal

with these limitations were made (chapters 2, 4, and 7). In the second stage of each case

study, these suggestions were pursued to improve the sampling techniques, data analysis

techniques, and conceptual models (chapters 5, 6, 8, and 9). In the �nal phase, the added

value of these improvements were discussed in a broader context (chapter 10).

1.3 From management to monitoring (and back...)

To design and select sound management actions, knowledge of the system is required.

Knowledge is what we think we know, although it is seldom a perfect match with real-

ity. System uncertainty caused by unexplained variability of ecosystems, observational

uncertainty related to the way the ecosystem is observed and measured, and structural un-

certainty, which involves the limitations and assumptions of (conceptual) models, will a�ect

the reliability of our assumed understanding (Blasco-Moreno et al., 2019). Furthermore,

translating this proxy of reality into environmental monitoring strategies and management

actions is not straight-forward, as the propagation of uncertainty into decision making and

environmental management is inevitable (Milner-Gulland and Shea, 2017). To identify and

solve knowledge gaps in a way relevant for environmental management, a close connection

between ecologists, model developers and environmental managers is needed. The di�erent

steps that need to be considered, from data collection to environmental management, are

presented in Fig. 1.1. Knowledge gaps can be identi�ed from literature reviews on ecological

concepts without much practical consideration, or they can be encountered when assessing

the potential of alternative management scenarios. In both cases, research questions are

formulated. To solve these questions, data is needed that addresses some case-speci�c

requirements which need to be de�ned in advance. To collect the kind of data required,

suitable sampling techniques and sampling designs need to be identi�ed or developed. The

generated data needs to be analyzed and interpreted, most likely through modeling, to

provide answers to the research questions.
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1

Figure 1.1: Depiction of the di�erent aspects of the scienti�c process and their connection with
environmental management. Most chapters can be positioned along the interaction of the di�erent
aspects.

Even though research questions might originate from a management perspective, existing

ecological knowledge, available through literature, should serve as the main foundation to

solve them. These conceptual models of ecological knowledge o�er a generalized theoretical

framework to decide on data and model requirements. For example, consider one of the key

ecological objectives in this thesis to determine whether anthropogenic pollution a�ects

the local reef �sh assemblages of the Galapagos archipelago. Although simply measuring

water quality and counting �sh might yield strong relationships, the causal nature of these

relationships might be questionable as the underlying niche theory (see chapter 3) is largely

omitted. E�ects of dispersal, biotic interaction, and preferences related to physical habitats

might not be of direct value for environmental management, but not accounting for them

when collecting data is likely to limit the usefulness of any resulting model. In this speci�c

example, the e�ect of physical habitats can be accounted for directly by quantifying the

area of di�erent types of cover or indirectly through informed sampling designs (i.e. physical
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habitat classes as strata or limiting observations to one class of physical habitats).

Determining the model requirements or statistical formulation involves the choice of the

statistical approach and algorithm given the response variable and modelling context

(Guisan and Zimmermann, 2000). The metrics used to describe the �sh assemblages in

the Galapagos will serve as response in statistical models. If the counts of individuals of a

speci�c species are used as response, modelling approaches, such as standard least squares

(LS) regressions, are likely to be inadequate because of the discrete nature of the response.

Generalized linear models (GLM) with Poisson or negative-binomial distribution are more

appropriate for such a response (Bolker et al., 2009). Depending on the context (e.g. scale

and resolution) and whether more empirical, robust, or uncertainty-prone approaches would

be required, other methods, such as generalized additive models (GAM) (Austin, 2007),

random forests (RF) (Verhelst et al., 2016), or fuzzy-ruled based models (Mouton et al.,

2009) could be useful.

Data and model requirements are closely linked. The conceptual model provides the

response and potential factors of interest, which in turn dictates the data and model

requirements. However, whether these data requirements will be met, depends on the

sampling technique and design. For example, a second key objective of this thesis was

to assess which environmental factors a�ect �sh migration behavior. The initially chosen

sampling technique and sampling design are well-suited to provide information on the

movement behavior of an animal, but less on the residency behavior, though both constitute

an important part of migration. Hence, with the initial sampling design, the resulting

response (i.e. swimming speed) only contains non-zero values (i.e. no residencies). By

adjusting the sampling design, information on residency behavior can be obtained and

stored as zero values in the data, providing the potential to gain more insight in the overall

migration behavior. However, an adapted modelling approach might be required to come to

these insights as the inclusion of multiple behavioral states and zero-in
ated data increases

complexity and a�ects model requirements.

The primary goal of collecting more ecological information is often to make management

more e�ective. However, answers to questions are typically accompanied by new questions

and hurdles, which require adapted perspectives and innovative and/or optimized data

collection and analysis techniques. These perspectives and techniques, in turn, allow to

generate new knowledge that can be used to steer management. This continuous loop from

management to monitoring (and back) is discussed in more detail in section 1.6 and visually

depicted in Fig. 1.2.
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1 1.4 Optimization: One large step forward, one (hope-

fully) small step back

Although researchers aim to optimize every step of the way, results are likely to be imperfect.

For example, model validation might suggest that important variables were not included

in the data collection, disturbances during sampling might compromise the independence

of observations (a common assumption in many statistical models), or generated biotic

data might be incompatible with the prevailing abiotic data sets. Although confronting

and costly in the short-term, the re-evaluation of choices made in the research process will

enable future studies to be more cost-e�cient.

Ecologists aim to get the best theoretical framework given the data (interpretation), model

developers aim to get the best model given the data and ecological framework (Getz et al.,

2018), researchers in the �eld aim to get the best data given the ecological framework,

model requirements and circumstances for sampling (e.g. waves causing turbidity which

in turn reduces visibility). It makes sense that an integrative approach for optimization

will yield more cost-e�cient results than compartmentalized optimization of the data

collection, modeling and formulation of ecological concepts. Some examples are provided.

First, ecologists might be interested in the e�ect of pollution and wave exposure on �sh

assemblage structure, but visibility impairment and increased safety risks for observers

in polluted sites with strong currents should be acknowledged. Second, ecologists might

need to reduce the number of potential predictors in order to reduce computation time

needed to calibrate and validate models. Third, most standard statistical models assume

independence of observations, hence, unintended dependencies in the data might require

more complex models to be included.

Hence, to make ecological models relevant for environmental management, interaction

between the di�erent aspects of the scienti�c process should be promoted (Fig. 1.1). The

integration of system knowledge (i.e. ecological concepts (Fig. 1.1)), relevant variables,

responses and resolutions, quanti�cation of uncertainty (i.e. data requirements (Fig. 1.1))

and assessment of predictive performance (i.e. modelling approaches (Fig. 1.1)) are key

to optimize data collection and interpretation (Schuwirth et al., 2019). Nevertheless, the

repercussions of new or optimized ecological concepts, sampling techniques, data formats,

or modelling approaches on any other of the aforementioned aspects are seldom considered.
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1.5 The importance of �sh monitoring innovation and

optimization

Aquatic ecosystems provide a wide range of ecosystem services, including food and drinking

water provision, climate regulation, nutrient recycling and multiple cultural and social

values (Grizzetti et al., 2016). Because �sh communities play an essential role in food

web structures, nutrient recycling and productivity of aquatic ecosystems (Holmlund and

Hammer, 1999), their assessment has been the focus of many ecological, economic and

management-oriented studies (Denny and Willis, 2003; Gebremedhin et al., 2018; Pawson

et al., 2007). Technological advancements provide new monitoring techniques or allow to

improve existing ones, providing researchers new perspectives on ecological preferences and

behavioral and physiological characteristics of �sh communities. Simple electronic tags,

for example, allow to track individual �sh as they provide position estimates, enabling

researchers to study home ranges, habitat use, and migration patterns. Such telemetry-

based research allows to disentangle behavioral characteristics that were hard to determine

using nets or other less advanced techniques. In addition, telemetry techniques are rapidly

advancing as they can now also measure ambient physical parameters, such as water

temperature and depth, and behavioral and physiological states through swimming speed

and heart rate measurements (Hussey et al., 2015).

In addition to allowing to re�ne the understanding of how �sh species will respond to

changing environmental conditions, or how current species distributions came to be by

considering new ecological concepts such as movement and physiology, innovative monitoring

techniques can also improve the e�ciency of data collection. Video equipment, for example,

allows to collect observational data in a relatively short time compared to original visual

census methods (Mallet and Pelletier, 2014). Furthermore, video data can be stored and

reused for di�erent purposes including the assessment of foraging behavior, habitat use,

and inter- and intra-speci�c interactions (Bicknell et al., 2016). Video equipment has the

potential to further decrease time in the �eld and time required for data processing (Allan,

2018): Remotely operated vehicles (ROVs) and camera traps are gaining ground as they

reduce the need for observing or camera-operating humans (Schramm et al., 2020; Sward

et al., 2019), while advancements in the automatization of image analysis further reduce

the time needed for manual identi�cation and counting of �sh in video recordings (Boom

et al., 2014).

Although innovative monitoring techniques o�er opportunities in terms of the assessment
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1 of previously unconsidered ecological concepts and more e�cient data collection, their use

also entails multiple challenges. In order to integrate previously unconsidered ecological

or biological traits, conceptual ecological models and model requirements may need to

be reconsidered and rede�ned. For example, insights gained from telemetry studies on

species-speci�c movement behaviour and how it is related to environmental conditions,

could allow for better predictions of species distributions under di�erent climate change

scenarios. However upscaling individual-based statistical models to population and/or

community level often remains challenging (Hooten et al., 2016, 2017). Similarly, advanced

understanding of biotic interaction between di�erent species from mesocosm experimental

studies could be used to re�ne the environmental risk assessment of the introduction of

invasive species. However, many factors might be a�ecting how biotic interaction manifests

itself, requiring a wide range of experimental permutations in order to reliably predict

species distributions.

In addition, once established, integration of these new ecological concepts might not be

of much value for environmental management if they (i) have no direct relationship with

management targets, (ii) are relevant at a di�erent scale and resolution than management

is con�ned to, (iii) are hard to quantify, i.e. su�er from a high uncertainty, and (iv) provide

only limited gain in the predictive performance of ecological models (Schuwirth et al.,

2019). Since innovation is not without cost, e�orts to improve evidence-based environmental

management should be approached in a holistic way on the level of data collection, analysis,

and interpretation.

Studies focusing at (i) sampling designs, (ii) data uncertainty, and (iii) model development

are crucial to get the most out of innovative monitoring techniques. Given the importance

of �sh monitoring for the environmental management of aquatic ecosystems and the rapid

advancements in monitoring techniques the �eld is currently witnessing (Hussey et al.,

2015; Donaldson et al., 2014; Metcalfe et al., 2012), the aim of this thesis is to improve

the assessment of �sh communities by focusing on two �sh monitoring techniques that are

gaining attention worldwide: video monitoring and telemetry. A more detailed description

of these techniques, the motivation for their use in the context of the two ecological case

studies, the type of data they provide, and suitable models for their analysis is given in

chapter 2.
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1.6 Balancing management and monitoring costs

Science can contribute to management in di�erent ways, over di�erent time scales and with

di�erent impacts. Although pure scienti�c ecological research is driven by a fundamental

need to understand rather than to manage the environment, on the long-term this knowledge

might still be of use to support management. For example, habitat utilization studies to

understand environmental preferences of �sh species without direct suggestions towards

management, can still be used in a later stage to predict the outcome of management

actions on species survival (Jensen and Graves, 2020). Tactical research on the other hand

is typically initiated by the anticipation of future management needs. For example, as

human pressures are expected to increase, the e�ect of increased pollution levels on �sh

assemblages might be studied to provide pro-active measures and stimulate the design of

management actions. Adaptive management is characterized by a close connection between

research and management, as it provides 
exibility in management actions to include

new knowledge, generated by management-oriented research (Schuwirth et al., 2019). For

example, alterations to migration barriers and their e�ect on �sh passage can be used to

improve migration success step-by-step on a relatively short time scale (Vergeynst et al.,

2020).

Knowledge is required to make sound decisions on which management actions to implement.

However, resources are limited and decision makers have to determine how much resources

will be invested in monitoring and how much in management. Although it is possible to

�x (i) the sampling budget, (ii) required precision, or (iii) sampling e�ort, intuitively it

makes much more sense to focus on the (iv) combined cost-e�ectiveness of monitoring and

management. This last approach, referred to as Value of Information (VoI) analysis, is a

decision cost-bene�t analysis to balance investments of monitoring and management that

has already been used frequently in di�erent �elds (Behrens et al., 2007; M•antyniemi et al.,

2009; Morris and Shin, 2002). Its implementation is often complex as many costs, e.g. cost

of choosing the wrong management action when information is not collected, and bene�ts,

e.g. bene�t of lowering uncertainty of species survival when information is collected, are

di�cult to objectively quantify and compare. However, although subjective information

might be disputed, its reliance on expert knowledge and potential to be improved provides

a much more sound base than the �xed allocations of sampling budgets, required precision,

and sampling e�ort.

VoI analysis is undoubtedly useful to balance monitoring and management costs and has

already been used frequently in di�erent settings. Fisheries management, for example, has

Page 9



General Introduction

1 bene�ted from more optimal quota decisions that were the result of the reduced uncertainty

of stock abundance (Clark and Kirkwood, 1986) and the stock-recruitment relationship

(M•antyniemi et al., 2009) after additional data collection. However, in some cases the VoI

might be too low to justify additional data collection. While Mazor et al. (2016) found that

movement data provided additional insights to support conservation planning of sea turtles,

Maxwell et al. (2015) found that the value of information to support koala conservation was

very low. This was because the choice of optimal management decisions was much more

a�ected by cost e�ciency of the management actions than by the uncertainty of mortality

threats, survival and fecundity rates. Even if the value of information is considerable, it

is unlikely it would justify unlimited data collection. Dwyer et al. (2019), for example,

used a resampling procedure to determine the required amount of tagged individuals to

account for individual variation in movement patterns. The value of information gained

from studying more individuals than what is needed to account for this variation is likely

to be too low to justify additional data collection. When the VoI analysis indicates that

data should be collected, it might be useful to assess how these data should be collected

and if investments in the optimization and/or innovation of data collection and analysis

would minimise the total cost and maximize the total bene�t. Innovative and/or optimized

techniques can provide new insights and/or improve the e�ciency of the data collection

itself, and should therefore be considered when balancing monitoring and management.

Although multiple frameworks for VoI analysis have been constructed (Canessa et al., 2015;

Milner-Gulland and Shea, 2017), none of them have explicitly accounted for the value of

improved methodologies and innovation (VoI*). The Movement Management Framework,

developed by Allen and Singh (2016) to incorporate species movement into management

objectives, was improved further by McGowan et al. (2017) through the introduction of

quanti�able objectives and VoI analysis. Here a second adaptation is suggested for a more

generalized approach in which all kinds of data are considered and both VoI and VoI* are

integrated (Fig. 1.2).

First, the management goals, e.g. preventing European eel from going extinct, quanti�able

objectives, e.g. improving recruitment and the escape rate of migrating eels, and manage-

ment actions, e.g. reducing the number of barriers, are de�ned. In case there are multiple

management actions available, their costs (e.g. labour, implementation, and resources) and

feasibility (e.g. stakeholder interest, con
icts, and likeliness of success) are determined

and a preliminary decision on the management action is made (McGowan et al., 2017).

Second, it is established whether the choice for a management action could change if the

Page 10



1

General Introduction

Figure 1.2: Framework to balance management, data collection and improvement of methodologies
using Value of Information (VoI) and Value of Innovation (VoI*) analysis. See text for more
information. Adapted from the Movement Management Framework of Allen and Singh (2016) and
McGowan et al. (2017).
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1 understanding of the system would be improved. If this is the case, it is assessed whether

there is enough data available to improve this understanding. If there is insu�cient data

available, a VoI analysis is performed to decide whether to invest more in management or

data collection (i.e. reducing uncertainty). When it is decided to invest in data collection

an assessment of whether data collection could be improved (in terms of quality and/or

quantity), through VoI* analysis, is conducted. This would allow to determine whether to

invest more in data collection or methodology improvement and/or innovation. A feedback

loop between the VoI and VoI* analysis is provided for two reasons. First, if more data is

needed, there might also be a stronger incentive to invest in improving methodologies and/or

promoting innovative techniques. Second, if methodologies can be improved, resulting in

lower costs (i.e. improved e�ciency of data collection) and/or higher bene�ts (i.e. additional

ecological aspects, such as movement, that can be assessed), the most optimal balance of

investments in management and monitoring might be a�ected. Finally, management actions

are chosen, implemented, evaluated, and revised. During the evaluation, the e�ectiveness

of the management actions and the impact of the remaining uncertainty are determined

and used to prioritize types of knowledge needed (Allen and Singh, 2016). Based on this

evaluation, existing management actions are re�ned and new ones are created, after which

the procedure of balancing investments and choosing management actions is restarted.

There have been several studies bringing the theoretical VoI framework into practice.

Maxwell et al. (2015) for example, simulated optimal decisions for scenarios with varying

levels of (i) budget, (ii) uncertainty, and (iii) return-on-investment of management actions

for species conservation, while M•antyniemi et al. (2009) used a complex Bayesian population

model that accounted for structural uncertainty to quantify the VoI for �sheries management.

However, since there was no clear direct management link for the considered case studies of

this thesis (i.e. pure and tactical research) and since the main focus of this thesis was on

the improvement of data collection, analysis, interpretation and how they are connected, no

mathematical VoI models were constructed. Instead a more basic assessment of the need

for more information, improved methodologies, and evidence-based management was made

(sections 2.1.6 and 2.2.6) using the conceptual framework depicted in Fig. 1.2. Nevertheless,

more management-oriented studies that need to balance the investments for management,

monitoring and innovation will likely bene�t from a more mathematical implementation of

the suggested approach.
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1.7 Thesis road map and overall research questions

The importance of integrated optimization of sampling techniques and data collection,

processing and interpretation will be assessed using one literature review and two case

studies of commonly used monitoring techniques (i.e. video monitoring and telemetry) in

the �eld of �sh ecology. In the literature review, the implications for sampling, data and

model requirements of considering new ecological concepts, i.e. �sh movement, in species

distribution models, i.e. a type of ecological model, are assessed in depth. In each case

study, two ecological questions are formulated and used as framework to evaluate the chosen

sampling techniques and data and model requirements. More speci�cally, the observed

distribution of reef �sh communities in the Galapagos archipelago (Ecuador) and migration

of estuarine �sh in the Scheldt estuary (Belgium) are studied within the context of two

ecological questions:

1. What are the environmental drivers that shape and a�ect the structure and diversity

of reef �sh assemblages in the Galapagos archipelago? (chapter 4)

2. What are the environmental drivers that a�ect the movement behavior of migrating

eel in the Scheldt Estuary? (chapter 7)

1.7.1 Research questions

The overall research questions of this thesis are related to the evaluation and optimization

of the sampling techniques, data requirements, modelling approaches, ecological concepts

and environmental management (nodes of Fig. 1.1), while the speci�c research questions

are related to the interactions of the aforementioned subjects.

1. How important is �sh monitoring for environmental management?

ˆ How can ecological knowledge be used in evidence-based environmental manage-

ment?

2. How to evaluate and optimize sampling techniques and designs?

ˆ How does new ecological knowledge a�ect the requirements of sampling techniques

and designs?

ˆ How do data and model requirements a�ect the requirements of sampling tech-

niques and designs?
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1 3. How to evaluate and improve data adequacy?

ˆ How does new ecological knowledge a�ect data requirements?

ˆ How do adaptations of sampling techniques and designs a�ect the information

within data sets?

4. How to evaluate and optimize ecological models?

ˆ How does new ecological knowledge a�ect model requirements?

ˆ How to integrate new types of data in ecological models?

1.7.2 Thesis road map

The thesis road map is presented in Fig. 1.3. Chapter 1 covers a general introduction of

the thesis. In chapter 2, a more detailed description of the case studies is given. In chapter

3, the repercussions of including movement in species distribution models for biotic and

abiotic data requirements are discussed in depth.

In chapter 4, the environmental drivers a�ecting the structure and diversity of reef �sh

assemblages in the Galapagos are studied, implications for environmental management

are identi�ed and limitations regarding sampling techniques, data adequacy and model

performance are formulated. In chapters 5 and 6, these limitations are studied in depth. In

chapter 5, the methodological characteristics inherent to the technique of video transects are

assessed and suggestions for optimization are formulated. In chapter 6, the importance of

accounting for �ne-scale dynamics of reef �sh assemblages in sampling designs and ecological

models are studied.

In chapter 7, the factors a�ecting movement behavior of migrating eel in the Scheldt estuary

are studied and limitations regarding sampling techniques, data adequacy and model

performance are formulated. In chapters 8 and 9, these limitations are studied in depth. In

chapter 8, the epistemic uncertainty of telemetry data is assessed and practical solutions

to decrease uncertainty and to improve the telemetry network design are formulated. In

chapter 9, the potential of multiple-part models to deal with complex movement behavior

and new data formats are assessed. Finally in chapter 10, these case studies will be discussed

together within the context of the research questions stated earlier.

In the �rst stage of each case study, (i) available techniques were used to improve ecological

knowledge, (ii) limitations of these techniques were identi�ed, and (iii) suggestions to deal

with these limitations were made (chapters 2, 4, and 7). In the second stage of each case
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Figure 1.3: Thesis road map. Two case studies can be identi�ed: (1) Study of reef �sh distributions
in the Galapagos using video monitoring; (2) Study of �sh migration in the Scheldt estuary using
telemetry. Each case study starts with an ecological assessment (i.e. ecological studies) in which
the limitations of the used techniques are identi�ed and suggestions are provided. In the following
phase, data collection and analysis techniques are optimized (i.e. methodological studies). Finally
the bene�ts of the optimized methodologies are discussed and placed in a broader context.

study, these suggestions were pursued to improve the sampling techniques, data analysis

techniques, and conceptual models (chapters 5, 6, 8, and 9). In the �nal phase, the added

value of these improvements were discussed in a broader context (chapter 10).
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Description of the case studies

In the following sections we will take a closer look at the di�erent case studies. These

case studies were selected because, despite their distinct characteristics, they share a

common need for ecological insights to steer environmental management. The decision on

what should be addressed �rst, management or monitoring, is case-speci�c. The need for

environmental management can only be evaluated by monitoring, but monitoring design

should also be steered by the questions raised during environmental management design.

Given the clear need for environmental management in both cases, this chapter starts at

the management phase to end at the monitoring phase. The di�erences in the studied

ecosystems, i.e. coastal tropical waters versus a temperate estuary, biological responses,

i.e. �sh assemblages versus a single species, and sampling techniques, i.e. video transects

versus telemetry, allowed for a more generalized discussion.

To set the scene for this discussion, �rst the need for environmental management is brie
y

discussed, followed by an assessment of the conceptual models, data requirements and

model requirements (Fig. 2.1). The applicability of ecological models to understand the

drivers behind eel migration and �sh assemblage structures in a way that is meaningful to

management, will depend on the integrated system knowledge, the data it relies upon, the

resolution, uncertainty and predictive performance. Therefore, it is important to evaluate

these aspects before monitoring takes place.

Finally a motivation on the choice of the sampling technique will be provided. For both case
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studies, sampling technique selection was guided by the objectives, ecological framework,

model requirements, data requirements and practical circumstances. As the evaluation of

the chosen methodology is a crucial aspect of this thesis, I decided not to include it as a

separate section, but integrate it in the di�erent chapters. Each case study starts with a

purely ecological chapter (chapters 4 and 7) that provides a detailed description of the

methodology. In the subsequent methodological chapters, those aspects of the methodology

of speci�c interest will be discussed in depth.

Figure 2.1: In chapter 2, the two case studies are introduced. The conceptual model, data requirements,
model requirements and sampling technique selection are discussed (i.e. all light colored boxes
within the dotted border).
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2.1 Galapagos archipelago

2.1.1 Assessing the need for environmental management

The Galapagos archipelago is known as a biodiversity hotspot, but is facing increasing

anthropogenic pressures. During the last three decades, the archipelago has been witnessing

an increase in population, tourism and waste production at an annual rate of 4.08, 6.71

and 4.02 %, respectively, but good waste management procedures have not been evolving

at the same pace (Alava et al., 2014; Fern�andez, 2008; Hardter et al., 2010; Ministry of

Tourism of Ecuador, 2019). Concerns regarding the future of the archipelago are of an

international nature and caused its inclusion on the List of World Heritage in Danger

from 2007 to 2010. Several factors, including illegal �shing practices, high immigration

rates, unsustainable tourism and weak governance contributed to this decision (World

Heritage Committee, 2010). As a result, the number of management-oriented studies has

been increasing. In a recent attempt to prioritize research e�orts, researchers and policy

makers identi�ed human population growth, climate change and the introduction of invasive

species as crucial drivers of environmental deterioration in the archipelago (Izurieta et al.,

2018). Solid wastes (e.g. plastics) and oil spills originating from tourism and �shing ships,

in combination with pesticides from agriculture and waste water discharge from nearby

settlements, pollute the coastal waters and a�ect the di�erent marine ecosystems of the

Galapagos (Alava et al., 2014; Boersma and Parrish, 1999). Climate change is expected to

intensify El Ni~no events (Wang et al., 2019) potentially causing high mortalities among

remaining coral reefs1 (Glynn, 1994), while the increasing number of invasive species is

likely to negatively a�ect the survival of endemic species (Carlton et al., 2019). As reef �sh

assemblages play a crucial role in marine ecosystems of the Galapagos, understanding how

they are a�ected by environmental pressures is key to steer management.

2.1.2 Conceptual ecological model

Existing ecological knowledge allows the alignment of a conceptual model or theoretical

framework, which in turn allows to de�ne data and model requirements. As discussed in

chapter 3, �sh species distributions can be a�ected by both niche factors, i.e. environmental

conditions and biotic interaction, and spatial factors, i.e. movement (Elith and Leathwick,

2009a). Environmental preferences and biotic interaction are closely intertwined, making it

1El Ni~no from 1982-1983 wiped out more than 90 % of shallow water corals in the Galapagos archipelago
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di�cult to separate their e�ects (Ara�ujo and Guisan, 2006; Guisan et al., 2006). For example,

two species might share an environmental fundamental niche, but their realized niche, which

also includes biotic interaction, might be very di�erent if one species outcompetes the

other (Hutchinson, 1957). If dispersal of both species is considered unlimited, experimental

approaches are required to isolate both e�ects. Including realistic estimates of movement

might provide a better insight in the actual underlying drivers without the need for controlled

experiments (Holloway et al., 2016). For example, if one out of two species is unable to reach

a certain area, its absence would allow for a more reliable description of the fundamental

niche of the other species. In addition, knowledge regarding the gradual spatial expansion

of an invasive species can be used to quantify its level of interaction with other species,

given that its spatial expansion does not coincide with shifting environmental gradients by

climate change, for example. Accounting for all niche and spatial factors is therefore key to

a proper understanding of the drivers behind �sh species distributions.

2.1.3 Data requirements

However, as there are no perfect data sets or modelling approaches, translating model

concepts into data and model requirements will have to rely on informed assumptions. In

the case of the �sh assemblages in the Galapagos, explicit or semi-explicit estimates of

movement by telemetry or genetic techniques were not available and would have been labor-

intensive, costly and invasive (i.e. capture) to collect. Environmental management often also

dictates the choice of sampling techniques because of funding and/or legislative limitations,

regardless of data requirements. In the Galapagos, for example, strict conservation policies

have been implemented for both tourists and researchers, limiting the range of sampling

techniques that can be used. Therefore, although the conceptual model dictates the

integration of movement data, a more pragmatic approach was needed. (i) Instead of

single species distributions, ecological indicators such as �sh assemblage structure and

diversity were studied. Assuming an equilibrium state of observed �sh assemblages (i.e.

any biological response to environmental conditions and biotic interactions has already

taken place) implicitly accounts for biotic interaction. (ii) Because spatial and niche factors

are known to a�ect distributions at di�erent spatial scales, a multi-scale sampling design

was implemented. (iii) Indirect movement estimates could be obtained by assessing the

observed geographical range of most species from literature. (iv) Geographical distance

between transects was used as a proxy of potential dispersal limitation.
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2.1.4 Sampling technique selection

When assessing the abundance, diversity and species composition of �sh assemblages, visual

census has been the preferred non-destructive method, with stationary point counts and

strip transects being the most common options (Caldwell et al., 2016; Denny and Willis,

2003; Jones et al., 2015). Observers identify and count the �sh they encounter either from a

�xed observation point or while swimming along a prede�ned transect. As �eldwork is often

labor intensive and expensive, data collection should be as e�cient as possible. Therefore,

transects are often prefered over �xed points as a larger area can be assessed in a shorter

time. In addition, because of the rapid developments in video equipment, observers are

not restricted to on-the-spot species identi�cation and counting as video material can be

analyzed afterwards, reducing the time required in the �eld and the need for �sh experts

during �eld work (Pelletier et al., 2011).

In-situ measurements are essential to obtain environmental data at �ne spatiotemporal scales.

Especially in developing countries, where funding for continuous monitoring is restricted

and data availability is limited, the water samples and qualitative habitat assessments

collected during �eld campaigns are often the only source of environmental data. To ensure

the representativeness of these environmental measurements in vast areas with high levels

of spatial heterogeneity, such as the Galapagos, remote sensing has shown to be a promising

tool. Hence, in order to identify the environmental drivers that shape the structure of

reef �sh assemblages and a�ect biodiversity in the Galapagos archipelago, video transects,

in-situ measurements and remote sensing were used.

2.1.5 Model requirements

Models can be either knowledge-based, data-driven or something in between. Mechanistic

models typically rely mainly on known processes, while machine learning mainly focuses

on data without much consideration of known ecological relationships. Statistical models

balance somewhere in between. In statistical models, relationships are inferred from data,

but the distributional assumptions, interpretation of outliers and removal of correlated

variables are typically inspired by ecological knowledge. To assess the relationship between

environmental conditions, movement and assemblage structure of reef �sh in the Galapagos,

semi-parametric multivariate statistical models were used. Di�erences in the structure

of �sh assemblages between islands are not necessarily the result of their position along

an environmental gradient, but rather of fragmentation due to migration barriers, local
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extinction or colonization (Whittaker, 1998; Whittaker et al., 2017). Therefore, parametric

methods such as MANOVA, PCA, CCA and RDA, which assume an underlying environmen-

tal model of species distributions (Ter Braak and Prentice, 1988), may not be appropriate.

In addition, ecological data are often overdispersed and zero-in
ated, limiting the use of

traditional parametric methods. On the other hand, purely non-parametric approaches,

such as ANOSIM, are unable to partition variation, assess interactions or model more

complex patterns (Anderson et al., 2008). Semi-parametric multivariate techniques, such as

PCO, PERMANOVA, CAP and dbRDA, combine the advantages of both approaches and

rely on the actual values of the resemblance matrix instead of relative ranks, but still use

permutations rather than distributional assumptions (Anderson et al., 2008). Nevertheless,

by using the actual dissimilarity values instead of ranks, the choice of transformation,

aggregation and measure of resemblance become more important (Anderson et al., 2008).

Because of their suitability to study ecological phenomena, semi-parametric techniques

are commonly used to study animal assemblages (Bennett et al., 2018; Bertocci et al.,

2017; Castellanos-galindo et al., 2010; Haubrock, 2019; Komyakova et al., 2013; Menger

et al., 2017; Pel�aez and Pavanelli, 2019; Terlizzi et al., 2007; Tuya et al., 2011). For

more knowledge-based or data-driven methods the known ecological relationships and data

availability, respectively, were too limited.

2.1.6 VoI and VoI* analysis

As the anthropogenic pressures on the Galapagos are intensifying, there might be a future

need for additional management actions (i.e. tactical research). The management goal is

to preserve the coastal ecosystems of the Galapagos archipelago, which can be done by

protecting biodiversity and �sh assemblage structures (i.e. objectives). Management actions

constitute implementing waste water treatment, making tourism, agriculture, and/or �shing

more sustainable, and improving legislation, enforcement, and education (Izurieta et al.,

2018). Since there have not been many studies to assess the factors that a�ect �sh diversity

and assemblage structure in the Galapagos, the most important threats for the coastal

ecosystems are di�cult to identify. Improving the understanding of the system and the

threats it faces (i.e. both drivers and pressures), will most likely reduce the uncertainty

of the e�ects of the di�erent management actions. Whether physical habitats, types of

pollution or other factors have a strong e�ect will help to orient the management. Hence,

there is a clear need for more information.

In addition, to be able to design and re�ne management actions and to enable management

Page 22



2

Description of the case studies

evaluation, longterm monitoring programs are strongly advised. Hence, there will be a

continuous need of data to support decision-makers. This positive feedback between the

VoI and VoI* (Fig. 1.2), causes an increase in the value of methodological studies focusing

on aspects such as sampling variability, sampling e�ort distribution, and observer e�ects.

Hence, besides investing in data collection and management, there should also be budget

available to improve the used techniques.

2.2 Scheldt Estuary

2.2.1 Assessing the need for environmental management

The European eel (Anguilla anguilla L.) is a critically endangered catadromous2 and

panmictic3 �sh species of ecological, economic and cultural importance with decreasing

population trend (Jacoby and Gollock, 2014; Solomon and Ahmed, 2016). From 1970

to 2015, silver eel escapement (from European waters) and glass eel recruitment (into

European waters) have decreased with 50-60 % and 90-95 % respectively (Jacoby and

Gollock, 2014). Especially in the North Sea area the decrease has been severe, with

recruitment in 2018 dropping to 1.9 % of the recruitment in 1980 (ICES, 2019). In addition,

despite the relationship between the life stages being poorly documented, it is expected

that a low recruitment will translate in a reduced future escapement (Jacoby and Gollock,

2014). However, the observed slight increase in recruitment from 2011 onwards will not

necessarily reduce the decline in silver eel escapement. This is because eels spend a relatively

long time feeding and growing prior to migration4 and because other pressures, such as

climate change, might become more important in the nearby future (Jacoby and Gollock,

2014; ICES, 2019). Eel restocking was found to aid in meeting the silver eel escapement

targets laid out in the eel management plans (EMPs) (Br•amick et al., 2015), but potential

longterm threats, such as transfer of diseases, remain poorly assessed (ICES, 2019). Besides

the low recruitment and potential spread of diseases, migrating eel face multiple other

challenges, including hydropower turbines and weirs, climate change, habitat loss, pollution

and predation (including human capture) (ICES, 2019). As many of these pressures are

unlikely to decrease in the future, sound management will be vital to safeguard this species

2Catadromous �sh species migrate from fresh water to the sea to spawn
3Panmixis means random mating. In a panmictic species, all of the individuals are potential partners

without mating restrictions throughout the population. For European eel this means that recruiting glass
eel are considered to originate from one single spawning stock (Bornarel et al., 2018)

4European eel has an average generation length of 15 years (ICES, 2019)
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(Solomon and Ahmed, 2016; ICES, 2019; Hanel et al., 2019).

The European eel regulation of 2007 (EC council regulation No 1100/2007, 2007), aims to

implement long-term management of eels in Europe through EMPs that are adjusted to

regional and local conditions. To reduce anthropogenic mortalities, the objective of each

EMP is to achieve a minimum escapement of 40 % of the spawner escapement biomass that

would have existed if no anthropogenic in
uences had impacted the stock. Hence, an good

escape rate is a clear quanti�able objective for which evidence-based management actions

should be designed for.

2.2.2 Conceptual ecological model

Movement is a key aspect to account for when determining the environmental drivers behind

species distributions. For example, �ne-scale movement might prevent or promote the

capture or observation of individuals, broad-scale movement might allow individuals to be

detected in unsuitable habitats, introducing \false" presences, while movement limitations

might hamper species from reaching suitable habitats, introducing \false" absences. However,

as discussed in chapter 3, movement itself is likely to be a�ected by environmental conditions

as well. Therefore, assessing how movement is related to the state of the environment is

important to understand how current species distributions came to be and how future

species distributions will look like.

2.2.3 Data requirements

To understand movement behavior, data at the level of individuals is required. The distance

a speci�c individual covers under a set of prevailing environmental conditions within a

certain period of time, provides the kind of data necessary to infer movement-environment

relationships. Because of the importance of geographical space when considering movement,

independent point measurements of environmental conditions are of little use unless they

can be reformatted to match the spatiotemporal scale and resolution of movement data.

Otherwise, area-based or dependent point measurements should be used. A detailed

description of the requirements of environmental data when assessing movement is given in

chapter 3.
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2.2.4 Sampling technique selection

To study the movement behaviour of �sh, telemetry is the prefered technique as it provides

detailed spatial information at the level of individuals. The technology continues to advance,

providing not only location estimates but also measurements of ambient physical parameters,

such as depth and temperature. Even physiological parameters, such as thermoregulation

and behavioral states, can be measured using jaw motion sensors and accelerometers (Hussey

et al., 2015; Thorstad et al., 2013). However, in order to infer which environmental factors

a�ect movement behavior, even the most straightforward acoustic tags (providing only

location estimates) can be used, given that there is enough environmental data from other

sources with a su�ciently �ne spatiotemporal resolution. This is the case for the Scheldt

Estuary which is a relatively well monitored water body with numerous stations measuring

di�erent physicochemical parameters, providing environmental data at a relatively �ne

spatiotemporal resolution. In order to provide continuous measurements on the movement

behavior of the estuarine �sh species, a permanent acoustic telemetry network was installed

in the estuary (Reubens et al., 2019a). Such a network of stationary receivers or acoustic

listening stations is more cost-e�cient and less labor intensive than actively tracking each

individual, as was often done in the past (Hedger et al., 2008; Heupel et al., 2006; Thorstad

et al., 2000). Although it requires animals to move within the detection range of a receiver

to be detected (Both et al., 2013), the standarized and continuous sets of data from passive

telemetry networks are most promising to guide and evaluate environmental management

(Reubens et al., 2019a). For example, travel delays in migrating �sh due to weirs can be

determined by comparing the travel time from one to another node of the network. Due

to the characteristics of the environment, acoustic telemetry was chosen over radio and

PIT telemetry. Radio signals are attenuated by salts and depth while acoustic signals

are weakened by noise and air bubbles. Hence, in turbid, shallow rivers radio telemetry

is preferred while in deeper estuaries acoustic telemetry is typically the optimal choice

(DeCelles and Zemeckis, 2013). PIT-tags are small and have a long life expectancy but

generally have a limited detection range (centimeters versus meters for acoustic and radio

telemetry), con�ning their use to shallow streams (Thorstad et al., 2013).

2.2.5 Model requirements

There is a wide range of models available to study movement behavior (Brownscombe et al.,

2019; Hooten et al., 2017; Whoriskey et al., 2019). Hidden Markov models, state-space
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models and home range analysis require spatially continuous data which are provided by

GPS, active tracking or center-of-activity estimates of passive tracking data (Simpfendorfer

et al., 2002). However, these sampling and data processing techniques are less appropriate

in the case of aquatic environments, longterm studies and large study areas, respectively.

Survival analysis and the related mark-recapture models have been used in many studies

to predict the time until an ecological event, such as passing an obstacle, reaching the

spawning grounds, or death, occurs. However, they are less useful to describe the movement

behavior itself and how it is related to environmental conditions.

Generalized linear mixed models (GLMMs) and generalized additive mixed models (GAMMs)

are often the most appropriate statistical models to analyze the discrete movement data

from passive acoustic telemetry networks, in relation to the environment. These models

allow for non-Gaussian linear (GLMM) and non-linear (GAMM) response variables and

account for variability among and within individuals (Zuur et al., 2009). Unobserved

individual di�erences that might a�ect the response variable in combination with spatial

and temporal dependencies among individuals can be accounted for as random e�ects.

2.2.6 VoI and VoI* analysis

The management goal is to prevent European eel from going extinct, which can be done by

improving the escape rate of silver eels and/or the glass eel recruitment rate (i.e. objectives)

(Bornarel et al., 2018). Management actions to improve the former constitute barrier

removal, barrier adaptation, habitat restoration, restocking, and the reduction of �shing

pressures (Feunteun and Prouzet, 2020). Movement data can improve the understanding of

the threats that migrating eels face and is likely to reduce the uncertainty of the e�ects of

certain management actions (Allen and Singh, 2016). For example, barrier removal might

seem the most e�ective method to improve migration, but it is also a controversial one

because of con
icting stakeholders interests. Barrier adaptation might be a compromise

solution, but its e�ciency will dependent on the uncertainty tied up with our understanding

of eel migration. Tidal barrier management has been shown e�ective to promote recruitment

(Mouton et al., 2014), but whether it would improve the escape rate of silver eels requires

more information. The current amount of information is too limited to provide sound

assessments of the migration behavior of European eel. However, the value of movement

information is recognized by the European Commission, underlining the need for additional
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data collection5 (ICES, 2019).

Current standard implementations of passive telemetry techniques and subsequent data

analysis lack the ability to (i) provide sound uncertainty estimates of obtained information,

(ii) account for behavior between detections, and (iii) model complex migration behavior

from zero-in
ated data sets. However, the value of more innovative approaches of data

collection and analysis to support management has also been acknowledged by the European

commission6 (ICES, 2019). Therefore, there is a clear need to improve methodologies,

collect data and select evidence-based management actions.

5The working group on eels (WGEEL) has to provide the European Commission with \estimates of
catches, �shing mortality, recruitment and spawning stock, and relevant reference points for management"

6The working group on eels (WGEEL) has to provide the European Commission with \information
about the level of con�dence in parameters underlying the scienti�c advice and the origins and causes of
the main uncertainties in the information available (e.g. data quality, data availability, gaps in methodology
and knowledge)"
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CHAPTER3

Implications of movement for ecological models and data

requirements

3.1 Introduction

The distribution of species and communities in space has been a major focus of study in

ecological research (Austin, 2002; Elith and Leathwick, 2009a; Guisan and Thuiller, 2005).

In order to assess how species will be a�ected by climate change (Austin and Van Niel, 2011;

Dulvy et al., 2008; Ramirez-Villegas et al., 2014) or how current species distributions came to

be (Varela et al., 2011; Wiens and Donoghue, 2004), a �rm understanding of the functional

relationships between species and the environment is required. Ecological traits of species,

which are associated with the preference for speci�c environmental conditions, are key to

understand why species prefer one habitat over the other (Stoll et al., 2014). In general,

these habitat preferences are described as correlative species-environment relationships

using habitat suitability models (HSMs) also often referred to as species distribution models

(SDMs). However, in a strict sense of the word, the suitability of a habitat for a certain

species does not necessarily imply the presence of that species (Meynard and Kaplan, 2013).

This chapter is based on: Bruneel, S., Gobeyn, S., Verhelst, P., Reubens, J., Moens, T., Goethals, P.,
2018. Implications of movement for species distribution models - Rethinking environmental data tools.
Science of the Total Environment 628-629, 893{905.
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Besides ecological traits, species also own a wide set of biological traits (Costello et al.,

2015). Biological traits are referred to as the physiological and behavioral characteristics of

a species and include among others the ability to interact and to disperse (Costello et al.,

2015). SDMs aim to predict the distribution of species, but to do so they need to account

for both the ecological and biological traits of species (Forio et al., 2017; Verberk et al.,

2010).

A suitable habitat can be de�ned as a habitat that is able to support viable populations over

an ecological time-scale1 (Kellner et al., 1992). As habitat suitability is de�ned on the level

of populations, indicators that are most relevant to populations should be used. For example,

while for individuals the diversity of resources is typically most important, for populations

the carrying capacity is most important (Johnson, 2007). To assess and describe habitat

suitability, typically the observed density of a species (i.e. proxy of carrying capacity) is

associated with measured habitat features. This approach considers only ecological traits

and assumes a relatively static system at constant equilibrium which is unlikely to re
ect

reality in most cases: (i) unaccounted factors outside the considered habitat are likely to

be important, (ii) suitable habitats turning into unsuitable habitats does not necessarily

cause a direct reduction in density (i.e. time lag), and (iii) reproduction (e.g. spawning

grounds) and survival are not necessarily correlated to density observed at single moments

in time (Kellner et al., 1992). Insights in the movement patterns of species that allow to

assess the spatiotemporally variation in demography of a species are likely to bene�t our

understanding of habitat suitability (Holloway and Miller, 2017).

In the context of SDMs, the term dispersal is often used instead of movement, mainly

because the accessibility of habitats by species or populations is considered rather than the

underlying process of movement itself (Austin, 2002; Datry et al., 2016; Elith et al., 2006;

Guisan and Thuiller, 2005). Dispersal can as such be de�ned as the cumulative movement

of a species or population between habitats over a longer period (Guisan and Thuiller, 2005;

Holloway et al., 2016; Soberon and Peterson, 2005). However, there is more to movement

than merely being in function of tracking and reaching suitable habitats. First, habitats

are seldom well-aligned areas with constant borders in time within which populations

remain stationary. The scale at which habitats are observed may allow to approximate

habitats as well-aligned points in space rather than complex areas, but this depends on

the characteristics of the studied ecosystem. Second, characteristics of the movement of

individuals may in fact be necessary to provide a sound description of movement-related

1Ecological relevance of resolution and scale are species-dependent (see section 3.2)
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biological traits and to distinguish dispersal from other types of movement such as migration

or within-habitat-displacement. Movement in SDMs is currently described as a population-

based post hoc derivative of movement with binary response (habitats are or are not

accessible) (Guisan et al., 2006), but being able to label and quantify movement more

directly, may entail more realistic predictions and quanti�cations of uncertainty (Dedecker

et al., 2006; Holloway et al., 2016; Singer et al., 2016; Uribe-Rivera et al., 2017).

The level-up of biotic data quality, driven by technological advancements in biotic data

acquisition techniques, is expected to stimulate the integration of movement in SDMs

(Guisan and Thuiller, 2005; Thuiller et al., 2013). Such models are potentially much more

powerful in explaining observed species distributions than the more traditional SDMs which

only incorporate environment-species relationships. An important issue that should be

kept in mind in this evolution of models is how the currently used abiotic data acquisition

techniques impact the overall quality of the model outcomes. In other words: How is

model accuracy in
uenced by the quality of environmental data? Before addressing this

issue, we �rst require some insight into the development of SDMs and the new sampling

technologies. After having identi�ed the de�ciencies of current SDMs and the potential of

new technologies to deal with them, we discuss new challenges and propose some ways to

tackle them.

The importance of upscaling biological data quality with more detailed movement data

depends on the studied species and ecosystem (Thuiller et al., 2015). For sessile organisms,

like most macroinvertebrates, the issue of integrating distance-related biological processes

may be less pressing than for more mobile species. Fish are typically mobile species

and thus their movement may be of great importance for their geographical distributions.

Furthermore, as some aquatic habitats are spatially and temporally very dynamic, the

quality of environmental data is also expected to play an essential role in the accuracy of

SDMs. A central assumption in traditional SDMs is that species are in equilibrium with

their environment (Ara�ujo and Pearson, 2005; Elith et al., 2010). However, this might not

necessarily be the case in dynamic environments such as tropical forests, estuaries and

anthropogenically in
uenced areas. After �re disturbances for example, species are unlikely

to be in equilibrium with the disturbed environment (Tucker et al., 2012). The scale of the

disturbance in relation to the spatial structure of plant populations, associated with seed

dispersal and seed bank characteristics, will determine if a species will be able to persist,

reestablish itself or be excluded from the habitat. Another key example involves climate

change which might drive populations to extinction due to rapidly changing environmental
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conditions and lacking interconnectivity between suitable patches (Ara�ujo and Pearson,

2005; Sinclair et al., 2010; Travis et al., 2013). Furthermore, insights into the movement

pathways, movement limitations, ecological and biological traits of invasive species are vital

to predict their future distributions and to adapt biodiversity policies accordingly (Boets

et al., 2014; Gallien et al., 2012). Hence, it is expected that the quality of SDMs for mobile

species in dynamic environments will strongly depend on the integration of movement and

the quality of used environmental data.

3.2 Model Conceptualization

The procedure of building ecological models consists of conceptualization, data acquisition

and preprocessing, model �tting, model evaluation, spatial predictions and assessment of

model applicability (Guisan and Zimmermann, 2000). An essential starting point for every

model is the delineation of the underlying ecological concept and its derivatives to serve as

a framework (Guisan and Zimmermann, 2000).

The distribution of a species is the result of a set of abiotic and biotic hierarchical �lters

which act upon the traits of the concerned species (Austin, 2002). Environmental conditions

and biotic interactions will act as a series of �lters, determining if species will be present

or absent. Environmental conditions, steered by for instance temperature and dissolved

oxygen (DO) concentration, are selective on the physiological tolerance of species. Biotic

interactions on the other hand will act upon the ability of species to endure and pro�t from

competition and predation, introducing another selective force on the occurrence of a species.

Hutchinson (1957) made a distinction between the e�ects of these two types of �lters by

introducing the terms fundamental and realized niches. The fundamental niche is delineated

by environmental constraints, while realized niches additionally include biotic interactions,

usually resulting in a considerably smaller niche than when only environmental �lters are

considered (Guisan and Zimmermann, 2000). In this �lter/niche theory, movement is not

explicitly included, although many studies have found that over ecologically relatively large

scales movement, rather than biotic interaction, is determinative for species distributions

(Guisan and Thuiller, 2005; Peters et al., 2005; Peterson et al., 2006; Soberon and Peterson,

2005).

Especially in metacommunity ecology, dispersal-related movement is considered a prime

driver of interconnection between local communities. Dispersal allows species to track and

respond to di�erences in environmental conditions and assemblages of interacting species
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across landscapes (Leibold et al., 2004). The dispersal potential of a species is a trait

that might either weaken or strengthen the e�ects of biotic interaction and environmental

conditions (Leibold et al., 2017). For example, species with a strong ability to colonize

or to compete for resources, might not meet the full potential of their ability due to low

dispersal rates or dispersal limitations (Heino et al., 2015). In other cases however, mass

e�ects may take place when dispersal rates become so high that species settle in unsuitable

habitats (Heino et al., 2015). The species might not thrive in this sink habitat, but might

be prevented from extinction due to dispersal from the source habitat (Heino et al., 2015).

Movement of a species is not only associated with its dispersal rate or the physical accessi-

bility to any suitable habitat, but it is also closely linked to the environmental conditions

and biotic interactions. Changing environmental conditions, encounters with predators and

migrations of prey might all drive the movement of a species. Although both biotic interac-

tions and movement are intertwined and can be considered as distance-related biological

processes, the relatively large scale, importance of orientation in geographical space and

time-dependent nature of movement, have caused it to be de�ned as a spatial factor rather

than a niche factor (Ara�ujo and Guisan, 2006; Guisan et al., 2006). In order to evaluate

the conceptual requirements of any model incorporating movement, the di�erent aspects

which di�erentiate movement as a spatial factor from the di�erent niche factors should

be discussed �rst. In Fig. 3.1, this conceptual di�erence of spatial and niche factors is

depicted. Most researchers nowadays have acknowledged the importance of both niche and

spatial factors, but only few have tried to combine them in ecological models (Franklin,

2010; Peterson et al., 2011).

In the past, when the e�ects of movement were neglected, there was no incentive to

integrate geographical in
uences in SDMs and only environmental space was considered to

predict geographical distributions of species. Environmental space can be considered as a

n-dimensional space, with each variable being represented by one dimension. Geographical

space on the other hand consists of no more than three dimensions representing the physical

space in which movement occurs. The arti�cial nature of solely focusing on environmental

space becomes clear when breaking down the di�erent basic modelling steps. Species are

stripped from their orientation in geographical space, linked to a subset of environmental

variables, and then re�tted through species-environment relationships in geographical space.

As such, an estimation of geographical species distributions is obtained.

Inherent to the de�nition of space is the description of scale. Scale can be divided into the

grain size (or resolution), representing the unit of analysis, and the extent, which de�nes
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Figure 3.1: Distinction between niche factors (environmental conditions and biotic interactions)
and spatial factors (movement). The layers visualize the geographical species distributions after
considering environmental conditions, biotic interaction and movement respectively. The di�erent
species are depicted as di�erent geometric �gures. In this �gure the way in which niche factors and
spatial factors in
uence species distributions, is represented in a simpli�ed manner. For example,
environmental conditions allow for species 1, 3 and 4 to endure while species 2 is not able to persist
in the considered environment. Species 2 is not adapted as well to the current environmental
conditions as species 1, 3 and 4. When taking into account species interactions , species 1 and
4 endure while species 3 does not. This is due to predation of species 3 by species 4. The
geographical species distributions, realized after consideration of the niche factors, can be visualized
as well-aligned geographical layers where the species distributions are represented as present/absent
points with �xed spatial orientations. This is visualized by the full border line of the two layers.
However, when considering movement, species can by de�nition not be represented as objects with
a �xed spatial orientation. The unclear borders of geographical space represent the geographical
reality, in which the spatial orientation of a species over time is in fact a continuum rather than a
�xed location. This di�erence between niche factors and spatial factors is key to understand the
required adaptations in future conceptual frameworks of models dealing with movement.

the scope of the analysis (Song et al., 2013). Many researchers have already stressed the

importance of a good relational basis in time and space between species and environmental

layers (Elith and Leathwick, 2009a; Fern�andez et al., 2013), but only few of these concerns

have been acknowledged let alone integrated in SDMs. The earliest referrals to the niche

concept as a n-dimensional environmental space not only ignored geographical space but

also the importance of spatial and temporal scale (Austin, 2002). Even nowadays, the
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choice for a certain resolution is motivated more by data availability rather than the

environmental and biological processes and their associated range of in
uence (Guisan

and Thuiller, 2005; Yackulic and Ginsberg, 2016; Song et al., 2013). The hierarchy of

the in
uencing environmental variables, which drives the patterns of species distributions,

will vary according to changes in scale (Guisan and Thuiller, 2005; Pearson et al., 2004).

Therefore, extrapolating relationships without consideration of the used scale will likely result

in ambiguous �ndings. The importance of scale becomes even more clear when movement

and biotic interaction are considered. These processes are thought to be important on

di�erent scales, ranging from a �ne scale for biotic interactions, to an intermediate scale for

movement and a large scale for environmental �lters (Guisan and Thuiller, 2005; Thuiller

et al., 2015).

Acknowledging that geographical space and scale are imperative to the future advancements

of SDMs is a �rst step towards an adequate integration of movement in SDMs. As the

conceptualization therefore requires changes, so will the consecutive steps of the SDM

development process need to adapt.

3.3 Data acquisition and preprocessing

As we move away from a conceptual model that focuses on species distributions a�ected

by environmental conditions alone, we should evaluate how the requirements for the

environmental data will be a�ected by such a change. In other words, we want to know

how recent advancements in biotic sampling technology and improvements of biotic data

quality and format might in
uence the requirements for abiotic data. Therefore, the focus

should �rst be set on biotic sampling techniques, the data they provide and how they can be

processed. It makes sense that the characteristics of considered biotic processes will at least

partially dictate the format of the required environmental data. Finally, the assessment,

evaluation and perhaps rethinking of the currently used techniques for environmental data

acquisition and processing will be discussed.

3.3.1 Biotic data: Focusing on �sh as mobile species

Biotic data collection

To optimally exploit the information stored in the biological data sets, the choice of abiotic

data acquisition and processing tools should be guided by the characteristics of the biological
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data. The conceptual shift in the biological data from a population to an individual based

approach has an intellectual motivation as movement has been recognized as an important

process in SDM development (Holloway et al., 2016; Soberon and Peterson, 2005). It is,

however, the relatively recent evolution in biological data acquisition techniques that has

led to enhanced spatial and temporal resolutions and has allowed a better understanding of

the behaviour (movement and biotic interactions) of single individuals (Hussey et al., 2015).

Traditional biotic data acquisition methods which involve manual capturing such as fyke,

trawl and electro�shing sampling, are characterized by a rather limited spatial and temporal

coverage of the area of interest. Fykes generally have a low sampling e�ciency, are size-

selective, are in
uenced by �sh already trapped and only provide a cumulative measure

of the amount of �sh present. These aspects make the accuracy of any prediction on

the occurrence of a species strongly dependent on temporal variability and sampling time

intervals (Clavero et al., 2006). Trawl samples on the other hand, being active methods

to collect �sh in a relatively short time compared to fykes, are less sensitive to temporal

variation. However, the loss of independence between locations along the tow transect

requires some correction for pseudo-replication and spatial autocorrelation (Dormann et al.,

2007; Elith and Leathwick, 2009a). Another often applied method is electro�shing, which,

however, depends strongly on water salinity, depth and whether the �sh have swim bladders

or not (Clavero et al., 2006; Reyjol et al., 2005). Therefore, to avoid biases, corrections

should be made to account for di�erent environmental conditions and di�erent tolerances

against electrical currents of di�erent �sh species.

Techniques which are less disruptive and extractive than fykes, trawls and electro�shing are

gaining importance. A �rst example, involves the use of environmental DNA (eDNA). eDNA

is de�ned as genetic material obtained directly from environmental samples (Thomsen and

Willerslev, 2015). It has been used in both freshwater and marine ecosystems to detect

aquatic species and recent studies suggest the method can also be used to estimate relative

abundances (Baldigo et al., 2017; Lacoursi�ere-Roussel et al., 2016; Thomsen et al., 2012).

Although, the amount of �eld-based studies is still limited (Sassoubre et al., 2016) and the

behaviour of eDNA in the water column has only been given few consideration (Dejean

et al., 2011; Shogren et al., 2017), it is a promising method to e�ciently obtain insights in

species assemblages (Thomsen and Willerslev, 2015). The method may be especially useful

to assess the presence of rare species, which are di�cult to determine through traditional

extractive methods (Laramie et al., 2015; P
eger et al., 2016; Weltz et al., 2017; Wilcox

et al., 2013). A second approach allowing non-destructive assessments of �sh assemblages
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involves underwater visual census (UVC) and video monitoring. UVC has been used in

marine areas for over sixty years, but is becoming overshadowed by the rapidly evolving

video monitoring techniques (Mallet and Pelletier, 2014). Their potential for high replication

and non-obtrusive nature have stimulated the development of a wide collection of set-ups in

di�erent areas (Mallet and Pelletier, 2014; Neuswanger et al., 2016). Although low visibility

in certain areas may hamper the applicability of video techniques, di�erent video-setups,

ranging from diver operated to towed video systems and (baited) remote video stations,

have proven useful in coral reefs, tropical rivers and even dynamic estuaries (Mallet and

Pelletier, 2014; Schmid et al., 2017; Wartenberg and Booth, 2015; Zintzen et al., 2012).

The aforementioned methods may provide interesting insights into species distributions,

but their inability to translate the collected biological data to the level of individuals and

to explicitly account for their movement is a major limitation. Implementing a direct

quanti�cation of dispersal and dispersal ability, could signi�cantly improve the practical

use of metacommunity concepts (Heino et al., 2015; Jacobson and Peres-Neto, 2010).

Genetic techniques are commonly used to study longterm dispersal patterns by assessing

genetic di�erences and gene 
ows among populations (Hughes, 2007). However, these post

hoc methods require su�cient basic knowledge on the natural history of aquatic species,

communities and their environment to disentangle the in
uence of biotic interactions,

environmental �ltering and dispersal on current species assemblages (Jacobson and Peres-

Neto, 2010). Therefore, they do not necessarily provide a direct estimate of dispersal.

The individual-based approach of telemetry could provide a much clearer insight into

the dispersal ability of tagged species (Thorstad et al., 2013). However, there are some

implications involved. First, telemetry studies are typically limited to a subset of species,

while metacommunities generally consist of dozens of species (Heino et al., 2015). Second,

telemetry does not provide an estimate of the size of a population, but focuses on only a

few individuals instead. Hence, a combination of aforementioned techniques would still be

required to provide the necessary insights into species distributions by targeting di�erent

aspects of the studied communities (Emmrich et al., 2010).

Telemetry can broadly be de�ned as all methods using either sound, visualizations or

electronic tags to obtain information on moving animals (Thorstad et al., 2013). However

the term most commonly refers to the use of electronic tags. Di�erent types of electronic

tags exist, including radio and acoustic transmitters, archival tags and Passive integrated

transponder tags (PIT-tags). Depending on the research target, study area and type of

tagged organism, some methods may be more suitable than others due to di�erences and
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trade-o�s in data acquisition, detection range, tagging method, sensitivity to environmental

conditions, size, life time, etc. (Thorstad et al., 2013).

Radio telemetry and acoustic telemetry are both active methods, meaning that transmitters

independently emit signals at certain time intervals to listening stations (Donaldson et al.,

2014; Hussey et al., 2015). PIT tags on the other hand are called passive because they have

no battery. More speci�cally, a nearby station powers the tag through radio frequency (RF)

induction after which the unique code of the tag is sent in return (Thorstad et al., 2013).

The detections obtained by all three techniques provide direct insight into the movement of

the studied animal.

However, besides emitting signals to track presence, transmitters can also be linked to

sensors that measure environmental variables such as water temperature and salinity or

individual characteristics such as heartbeat and swim speed (Thorstad et al., 2013). Archival

tags do not emit any signal and therefore should be recaptured or retrieved to acquire

the stored data. As data are collected afterwards, no direct real-time locations have been

established and researchers need to reconstruct trajectories based on sensor data of water

depth, light, temperature, the magnitude of the earth magnetic �eld stored in the tags, etc.

(Aarestrup et al., 2009; Thorstad et al., 2013; Whoriskey and Hindell, 2016).

The high diversity in electronic tags, in combination with the rapid advancements in

technology and data processing, will likely result in an increasing use of telemetry in �sh

movement studies. Furthermore, because telemetry has signi�cantly increased the size of

the biotic data compared to that of the currently used abiotic data, abiotic data might

prove the limiting factor in modelling e�orts (Hussey et al., 2015). Hence, in order to assess

how aquatic animals interact with their environment, the format, size and quality of the

abiotic data should be evaluated against the evolutions in biotic data.

Biotic data format

An important aspect of any sampling technique is the kind of data it provides. Researchers

should evaluate how their type of data can yield a representable measure of biological

response and how its characteristics coincide with the target of their study. The traditional

�sh sampling techniques like fykes provide abundance and presence/absence data at �xed

locations. From these locations species-environment relationships can be inferred, that

can be extrapolated to other locations based on their environmental conditions. This type

of biotic data provides insights into populations at certain locations. The presence-only

data of telemetry methods, on the other hand, allow to reconstruct a comprehensive view
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on habitat use of a single individual. For each individual, all presences can be connected

to yield a single trajectory. The set of trajectories is then aggregated to yield a more

population oriented summary (He
ey and Hooten, 2016; Pearce and Boyce, 2006). The

type of acquired data is therefore very di�erent for traditional methods and telemetry.

Telemetry data provide area-based information on a series of single individuals, while data

from fykes and trawls render point-based information on a population level.

In theory, presence-absence data are best tailored to assess the suitability of a habitat

for a certain species, especially when considering relatively stationary species (Elith and

Leathwick, 2009a). That is why many studies focus on methods to deal with the lack

of information on absences in presence-only data through the introduction of pseudo-

absences (Aarts et al., 2012; Barbet-Massin et al., 2012; Pearce and Boyce, 2006). Although

absence data may support more robust predictions, more detailed descriptions of �xed study

locations and better quanti�cations of prevalence to put the di�erent sampled locations

in perspective, some implications on how absence is described and incorporated remain

troublesome (Elith and Leathwick, 2009a).

These implications are mainly associated with the movement of species, which is why they

have gradually gained attention as researchers became more convinced of the importance of

movement in SDM development. Some researchers have tried to extend the original models,

which focus on more or less stationary species, to include more mobile species through the

integration of focal and temporal predictors. Focal predictors provide a summary of the

nearby environment of a studied location (Bucklin et al., 2015). However, the ambiguity

surrounding the concept of absence remains. When a species is not recorded at a certain

location, other e�ects such as inaccessibility may be the real underlying cause of absence

(i.e. contingent absence (Jim�enez-Valverde et al., 2008)). Hence, assuming that absence is

the exclusive result of habitat unsuitability (environmental absence) may simply be wrong

(Miller, 2010). Furthermore, the concept of absence relies on the assumption of a dynamic

equilibrium in space occupancy which neglects the often time-dependent behaviour of the

species and external disturbances both on- and o�-site (Elith and Leathwick, 2009a). This

major problem of detectability may be partially resolved through the use of telemetry,

which enables the tracking of an individual through time and space. Indeed, telemetry

not only provides presence-only data as a simple collection of individual presences in a sea

of absences, but it also enables a linkage between every presence/detection in both time

and space for each individual. Although the lack of real absence data may hamper habitat

suitability description in a strict sense, telemetry studies have the potential to reveal unique

Page 39



Implications of movement for ecological models and data requirements

3

insights in how species use their overall environment.

Individual Based Models (IBMs), which attempt to describe individual movement in

time and space, are used to provide these insights into the behaviour of species using

telemetry data (Bauer and Klaassen, 2013). Most SDMs generally determine empirical

relationships between species distributions and local environmental variables at a relatively

�ne scale (Hayes et al., 2009). IBMs allow to study species distributions by accounting for

environmental and biotic processes operating at a much wider scale, such as storm events

and movement. Furthermore, as the associated geographical location of each recording

is inherently essential to the spatially-explicit model, the linkage between geographical

and environmental space will also be imperative for qualitative predictions. The need for

implementation of wide-scale and geographical oriented behavioral rules, has been a steering

force in the development of a wide set of spatially-explicit IBMs (Grimm and Railsback,

2005; Railsback and Grimm, 2013), ranging from larval displacement (Daewel et al., 2008)

to the migration of �sh species (Baetens et al., 2013; Papastamatiou et al., 2013; Pauwels

et al., 2014) and the foraging behaviour of whales (Dillon, 2014).

Despite the inherently di�erent approaches of the mainly data-driven SDMs and hypothesis-

driven IBMs, their conceptual ecological framework and environmental data requirements

are still comparable. Both model types intend to describe species distributions using the

same ecological processes and therefore have similar data requirements.

3.3.2 Abiotic data collection

Di�erent techniques exist to collect environmental data. In this section, commonly used

environmental data acquisition methods, are compared with a set of potential alternatives

(Fig. 3.2). To get some insight in the abiotic and biotic techniques most commonly used in

SDM studies, a subset of publications was analyzed. The focus was limited to SDM studies

on �sh which integrated movement in some way. The results are visualized in Fig. A.1.1.

It should be noted that the nature of the studied ecosystem, study objective and species

of interest are paramount to identify the most suitable technique. Ecological researchers

should be aware of the range of alternative environmental data acquisition techniques

and should take time to evaluate the suitability of a certain technique for their research.

Therefore, in Table A.1.1 the key aspects of the discussed abiotic methods are summarized.
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Figure 3.2: Conceptual di�erences of environmental data acquisition methods. In this �gure,
temperature is used as example because of its key role as environmental driver of �sh distributions
worldwide. The thermometers represent temperature and the color gradient from blue to red visualizes
the gradient from cold to warm. (A) The locations of the environmental point measurements are
chosen independent to the locations at which the �sh resides. To represent each �sh sampling
location the closest environmental point location is chosen. (B) These independent point locations
can be combined to produce environmental layers using either interpolation or process-based models.
(C) Remote sensing imagery provides environmental layers. The pixel size is associated with
the resolution of the remote sensing platform. (D) Animal-borne environmental sensors provide
environmental data closely associated to the location of the animal itself. They are therefore referred
to as dependent point measurements. For the color version of this �gure, we refer the reader to the
online version of this paper.

Independent point-based abiotic data collection and preprocessing

Environmental conditions can be measured continuously at �xed locations by the sensors

of automated stations or during certain periods of manual �eld work, using either in-situ or

ex-situ methods such as multi-probes or lab analysis, respectively.

A modern example of an automated mobile measurement station is the Argo 
oat. This

device provides temperature and salinity depth pro�les at di�erent point locations within

a certain grid. By automatically regulating its buoyancy, the 
oat is able to undertake

multiple depth cycles. Each time a 
oat surfaces, its data are transmitted to satellites

after which it can start a new depth cycle. Another interesting data collection technique is

the use of autonomous underwater vehicles (AUV). These devices are able to cover large
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distances, carry any kind of environmental sensor and navigate with high precision.

Although Argo 
oats and AUV are relatively new sampling devices, they share a common

independent point-based approach with manual �eld work and lab analysis. In this review,

they are called independent because of their geographical disconnect from biological data

collection systems, and point-based because the data they provide originate from point

locations.

Independent local point-based measurements are the most straightforward and common type

of abiotic data collection for SDM development, as the measurements can be coupled directly

to biotic sampling locations. For fykes, electro�shing and to a lesser extent trawls, this

might seem a justi�ed approach as these methods do not intend to account for movement.

The traditional �sh sampling techniques yield �sh abundances and/or presences/absences

at point locations without making assumptions on the areas between the sample locations.

Therefore, a point-based coupling between biotic and abiotic data might be an obvious

choice.

However, issues arise for SDM development when considering the mobility of �sh and the

variability of the environment. In section 3.3.1 we discussed the inability of traditional �sh

sampling techniques to monitor movement and proposed telemetry as a complementary

technique which does allow to assess �sh movement. This technique inherently assumes

that tagged organisms use the space between sampling locations, which hampers the appli-

cability of a point-based approach to link environmental conditions to species distributions.

Furthermore, randomly selected point measurements alone are often unable to account

for geographical dependent variabilities of environmental variables which are generally

di�cult to identify in aquatic environments due to 
ow and currents. In addition, many

�sh SDMs incorporate point measurements of environmental variables taken at locations

di�erent from the �sh sampling location, to approximate the conditions of each of these

�sh sampling locations. Although distance is often used as a criterion to allocate abiotic

to biotic point locations, such an approach still ignores the importance of orientation in

geographical space. Furthermore, it might also inadequately integrate environmental space,

depending on the nature of the assessed variable. Despite some e�orts to deal with this

issue by simultaneously collecting abiotic and biotic data (Maes et al., 2007) or by choosing

�sh sampling locations near abiotic measurement stations, abiotic and biotic point locations

often remain insu�ciently matched in both time and space (Bultel et al., 2014; Currey

et al., 2015; Stein, 2015).

To deal with the problems of point-based coupling, some preprocessing of data can be done,
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allowing the format of the abiotic data to coincide with that of the biological processes of

interest. This format can generally be pictured as a set of environmental layers able to

comply with the concepts discussed in section 3.2, incorporating geographical space and

acknowledging the importance of scale.

The independent local point measurements can be transformed into sets of environmental

layers. These measurements can be used directly without any prior knowledge, through

interpolation or they can be used in combination with acquired hydrodynamical and

biogeochemical insights through process-based modelling. Both approaches, although

genuinely di�erent, share a common approach in that they both \model" environmental

conditions. The environmental conditions measured at certain locations are used to

estimate the environmental conditions at other unsampled locations. This implies that these

environmental layers are characterized by some degree of model uncertainty, which should

be acknowledged during SDM development (Fern�andez et al., 2013). Both methods have

di�erent sources of uncertainty. Data quality is the most important source of uncertainty

in interpolation as it is a data-driven model. Process-based models on the other hand will

have a higher degree of uncertainty associated with the model structure. Depending on the

nature of each variable, studied ecosystem and target species, either a more data-driven

or process-based approach might be preferred. However, because of their complementary

nature, a well-considered balance between both approaches is advisable.

A wide range of interpolation methods have been used with varying success in aquatic

environments. Methods include inverse distance weighting (IDW), moving averages, La-

grangian polynomials, loess smoothers, spline, trend and kriging interpolators. The last

method has often proven the most useful due to its unique characteristics which render it

appropriate for modelling aquatic abiotic variables (Murphy, 2012; Rathbun, 1998). Kriging

is generally known as geostatistical interpolation, because of its stochastic nature and its

main assumption of spatial correlation between sample points (Calder and Cressie, 2009).

These two characteristics, stochasticity and spatial correlation, are at the base of the success

of kriging. First, unknown values are approximated as a probability distribution rather

than a unique value because exact values cannot be determined. Second, this approach,

which acknowledges that the unique values can be estimated but not determined, enables

the quanti�cation of the estimation uncertainty. Finally, another factor contributing to the

wide application of kriging is its stability against violations of assumptions of normality

(Rathbun, 1998).
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In ordinary kriging, all variability is assumed to originate from the random error term, and

no covariates are included. However, when accurate and more or less temporally invariant

continuous variables such as latitude, longitude or even bathymetry are available, they are

often included to reduce the interval of possible values due to their claim on some of the

variability (Chehata et al., 2007; Urquhart et al., 2013; Verfaillie et al., 2006). This type

of interpolation is known as universal kriging and has been found to outperform ordinary

kriging, especially in hydrodynamically complex areas (Urquhart et al., 2013). It has also

been used extensively to predict DO concentrations in areas with only sparse sampling,

using measurements of auxiliary variables such as temperature, salinity and nutrient load

(Barab�as et al., 2001; Obenour et al., 2012; Zhou, 2013). We refer readers with a speci�c

interest in these interpolation methods to Calder and Cressie (2009) and Webster and

Oliver (2008).

Process-based models intend to integrate explicit descriptions of dominant processes. The

most straightforward processes to model are those of a mainly physical nature, like the

hydrodynamics. Hydrodynamic models are mainly described through physical laws, more

speci�cally the mass and continuum conservation laws, which are universally applicable

and can be written as partial di�erential equations (Villars, 2001). To solve these complex

partial di�erential equations e�ciently, generally numerical models are used.

Biogeochemical models are less straightforward to integrate, because of the many interacting

factors which need to be accounted for. For example, the list of variables which control

DO concentration in aquatic systems is extensive and generally includes solar radiance,

temperature, salinity, particulate organic matter, reaeration, wind velocity, phytoplankton

and zooplankton (Mandal et al., 2012). Hence including every term would lead to a very

complex model. Due to this high process complexity, most mechanistic models concerning

DO concentration are actually semi-empirical models as they do not integrate all the known

underlying processes (Streeter and Phelps, 1925).

Both methods, geostatistical interpolation and process-based modelling, have di�erent

attractive aspects regarding the integration of movement in SDMs. Geostatistical inter-

polation is a straightforward technique to produce environmental layers for a wide set of

variables which may be very complex to model bottom-up. On the other hand, these basic

processes may in
uence or even determine the movement of species. Integrating these

processes explicitly in SDMs might therefore contribute to the identi�cation of important

in
uencing environmental features.

Nevertheless, some practical limitations remain troublesome. Insu�cient and poorly
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distributed measurement locations in dynamic environments could introduce a signi�cant

mismatch of scale between the environmental models and species distribution responses

(Fern�andez et al., 2013). Furthermore, areas with high ecological relevance such as pools

in streams are typically underestimated as the responsible �ne-scale processes are often

left out due to the risk of over�tting models (Harrison and Keller, 2007). The spatial and

temporal patterns of uncertainty in environmental layers have been acknowledged but only

few studies have taken them in consideration (Beale and Lennon, 2012; Fern�andez et al.,

2013; Hayes et al., 2009). Although accounting for the introduced uncertainty is crucial, it

will not necessarily reduce its direct impact on predictions. Therefore, we should also have

a closer look into other methods with a di�erent approach in order to overcome some of the

major problems of modelling the environment from independent point-based data. In the

following sections, remote sensing and animal-borne sensors will be discussed as promising

alternatives for environmental data collection.

Area-based abiotic data collection

Remote sensing can be de�ned as the science of obtaining information about objects or

areas from a distance. This information is acquired in the form of environmental layers and

includes images from airborne platforms such as satellites or drones, sonar measurements

of bathymetry using boats, etc. In a strict sense this de�nition also encompasses telemetric

tracking of �sh, since vocalizations, visualizations and signals emitted through electronic

tags are a way of collecting data from a distance. However, to avoid misconceptions in

this paper, the term remote sensing will be used for the data acquisition of environmental

variables only.

Remote sensing technology has evolved signi�cantly during the last decades and has provided

a wide range of environmental sensors and algorithms to process data (He et al., 2015).

This evolution has contributed to an increased use of remote sensing data in current species

distribution modelling (Beger and Possingham, 2008; He et al., 2015). For example, Goetz

et al. (2010) used forest heterogeneity, determined with LIDAR remote sensing, to establish

a relationship with the occurrence of a bird species. Gomez et al. (2017) used temperature

and chlorophyll a data obtained from the MODIS aqua satellite to delineate priority areas

for di�erent whale species. Also Druon et al. (2015) used aqua-MODIS chlorophyll a data

to combine with biological traits of European hake to highlight favorable nursery habitats.

The major advantage of remote sensing techniques is their ability to produce spatially

explicit environmental layers. Interpolation or process-based models use point measurements
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to infer area-based estimations of environmental conditions, while remote sensing directly

provides a synoptic and area-based view of the environment. This area-based view implies

a strong link between the acquired environmental data and geographical space, which

has been identi�ed as an important feature for the integration of movement in species

distribution modelling. Furthermore, the ability to use a spatial multiscale approach while

covering an entire area at one single point in time, allows to evaluate the e�ect of spatial

resolution on environmental process description and its relation to species distributions

(Cord et al., 2013; Pittman and Brown, 2011). For example, when micro-climate is a

determining factor for the occurrence of a certain species, coarse resolution climate data

will fail to include essential �ne-scale variabilities. On the other hand, when species depend

on the overall characteristics of a vast habitat or area, a coarse resolution might be more

appropriate in order to distinguish genuine drivers. Consideration of scale and representation

in geographical space, which were identi�ed as vital for an optimal assessment of movement,

are characteristic for remote sensing techniques (Baban, 1997).

Next to the conceptual requirements when considering movement, the format of biological

data should also be evaluated against the characteristics of the environmental data. An

important aspect is the delineation between contingent and environmental absences, which

in itself is closely associated with the movement of individuals. Remote sensing has the

potential to make the distinction between absences caused by environmental conditions

and absences caused by movement barriers and local disturbances (Cord et al., 2013).

Contingent absences might be distinguished from environmental absences by distinctive

features such as di�erences in bathymetry. Therefore, a strong link with geographical space

and an area-based approach are required. Because large areas on a wall-to-wall basis can

be covered in relatively small time intervals, it may also be easier to identify, for example,

hurdles for movement which might be located further down- or upstream.

The major disadvantage of remote sensing techniques is their relatively low temporal

resolution due to the time required for full satellite orbits, aircraft availability and cloud

cover (He et al., 2015; Hestir et al., 2015). As movement is a rather unpredictable and

variable factor to account for, the lack of temporal resolution can be a problem for remote

sensing applications in SDM development. Therefore, the suitability of remote sensing for

ecological studies will generally depend on research aspects such as the targeted species,

studied ecosystem and resolution. For example, when a spatially explicit description of the

environment is required at a prede�ned set of single incidents, remote sensing products

might be more appropriate. On the other hand, temporally dynamic systems with less
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variable spatial patterns might be described better using a robust network of independent

local point measurements.

Furthermore, these point measurements are often more accurate than remote sensing

and able to directly provide ecologically relevant predictors such as temperature or DO

concentrations (Cord et al., 2013). Remote sensing generally provides indirect measures of

functional variables, which adds to the uncertainty of obtained measurements. However, as

these issues of remote sensing are mainly linked to technological limitations rather than

conceptual ones, like those associated with the independent point measurements, they could

in theory be partially resolved through technological advancements. Drone-based monitoring

and improving satellite sensors are just some of the aspects which might allow interesting

future applications. In tropical developing countries where in-situ measurement networks

are often lacking due to high costs and inaccessibility, remote sensing might prove invaluable

to monitor natural resources. For example, malfunctioning gauges or inaccessibility due to

extreme weather events may hamper continuous water level assessments of lakes and rivers.

Freely available satellite radar data have been shown to provide an e�ective alternative for

water level measurements in African and South-American lakes and rivers (Benveniste and

Berry, 2004; Munyaneza et al., 2009).

Fish as environmental data collectors: Dependent point-based abiotic data

collection

As stated earlier, some electronic telemetric tags store environmental data in order to

reconstruct the movement patterns of tagged �sh. This implies that another independent

environmental data source, like remote sensing imagery, is required to lay out the trajectories.

However, the environmental sensors might also serve as suppliers of dependent environmental

data when they are not used for movement estimations. The data are called dependent

because the measurement locations are dependent on the locations of the studied individual.

For example, sensors recording environmental conditions can be used in combination with

radio and acoustic transmitters. In this case, the individual �sh trajectories are reconstructed

through combining the set of received unique signals originating from the transmitter of

one individual. The stored environmental data, which consists of point measurements taken

at regular time intervals along the real trajectory of the tagged �sh, are transmitted to the

same listening stations as altered pulse rates or coded signals (Thorstad et al., 2013). This

means that the gathered environmental data do not su�er the misalignment in geographical

space of the biotic and abiotic data discussed in section 3.3.2. The independent local
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point measurements lack a connection with the biological data, which is resolved by the

geographical dependency of the animal-borne sensors. Furthermore, the environmental

data are collected at a scale that perfectly coincides with the displacement of the studied

individual, resolving one of the major issues of remote sensing discussed in section 3.3.2

(Costa et al., 2012).

A major limitation of the use of animal-borne environmental sensors is the need for external

attachment (Hussey et al., 2015). External tagging was the predominant method during

the early years of �sh telemetry, but during the following decades it lost its importance in

favour of internal tagging methods (Lucas and Baras, 2002). Nowadays there is a revival

of external tagging methods due to the development of data storage or archival tags and

environmental sensors, although some of the issues with external tagging still remain (Jepsen

et al., 2015). Although often context dependent and species speci�c, these issues include

tissue damage, premature tag loss and decreased swimming capacity (Jepsen et al., 2015).

Furthermore, it is still not clear whether and how external tags in
uence predation risk and

social interactions (Jepsen et al., 2015). Especially for relatively small aquatic organisms,

like most �sh, such an external attachment might have important e�ects on its behaviour.

Sea turtles (Hays et al., 2006), seals (Roquet et al., 2013), whales (Lydersen et al., 2002)

and sharks (Stevens et al., 2010) have successfully been studied using di�erent types of

external tags, but the number of studies on comparatively small �sh such as cod and eel, is

more limited (Hussey et al., 2015).

As is the case for remote sensing, the current state of technology and knowledge is the main

hurdle for using this type of environmental data collection. The increasing popularity of

archival tags and environmental sensors will probably stimulate research and technological

supports for �sh to serve as environmental data collectors, but for now their practical use

is often limited.

3.4 Conclusion

Direct estimates of movement are crucial to understand the steering processes behind species

distributions and the interconnectivity of communities. The individual-based approach

of telemetry allows to assess movement directly while fykes, trawls, electro�shing, visual

census, video monitoring, eDNA and population genetic methods may only provide indirect

proxies of movement and dispersal. Because movement is de�ned by the displacement of

individuals in space, the incorporation of geographical space in the modelling framework is
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crucial.

Mobile species occupy dynamic three-dimensional spaces rather than �xed, point-based

and spatially well-aligned habitats. Therefore, all physically accessible space should be

considered as potential habitat, underlining the importance of a more area-based approach

when collecting and processing environmental data. Independent point measurements show

a conceptual con
ict with the format of biological data, but geostatistical interpolation

and mechanistic models are well developed methods to turn them into better suited

environmental layers. Remote sensing holds promise for acquiring environmental data due

to the strong link with geographical space, although the relatively low temporal resolution is

often considered a serious limitation. Animal-borne sensors might reduce the need for area-

based approaches because of their close association with the movement of the target species,

but practical limitations still hamper applications for smaller species. When evolutions

in biotic data acquisition techniques allow the integration of previously unconsidered

ecological processes, researchers should �rst (re)consider model conceptualizations and

data requirements. We encourage ecological researchers to evaluate the repercussions

of integrating new ecological concepts in their models and to be aware of a wide range

of existing alternative environmental data acquisition and processing methods such as

environmental models, remote sensing and animal-borne sensors.

Page 49





4

CHAPTER4

Assessing the drivers behind �sh assemblage structures: Case study

of the rocky shores in the Galapagos archipelago

4.1 Introduction

Our ability to predict the response of biological communities to changes in the environment

such as increased pollution levels, climate change, habitat degradation or the construction of

movement barriers, strongly depends on our understanding of their ecological and biological

traits (Costello et al., 2015). Although �sh are known to have preferences in terms of water

conditions and physical habitats, species-environment relationships are often di�cult to

describe because of the di�erent spatial scales over which di�erent processes take place

(Bruneel et al., 2018; Robinson et al., 2011). In addition, displacement within and between

habitats may allow �sh to be present in unsuitable habitats, while dispersal barriers and

biotic interactions may hamper �sh species from reaching and persisting in suitable habitats

(Heino et al., 2015; Meynard and Kaplan, 2013).

Although water conditions such as temperature (Mora et al., 2003), salinity and nutrients

(Mellin, 2019) in combination with habitat structure have been identi�ed as major drivers

of the structure and diversity of �sh assemblages (Komyakova et al., 2013), spatial factors

should not be overlooked. For example, reef �sh often exhibit a strong site �delity (Chapman

and Kramer, 2000) and isolated islands tend to harbor impoverished �sh communities.

In addition, dispersal ranges of the larvae of di�erent �sh species often do not exceed 10
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to 100 km (Cowen et al., 2006; Cowen and Sponaugle, 2009). However, marine species

distribution models typically do not consider dispersal limitation because of the presumed

greater potential for dispersion in marine systems compared to terrestrial and freshwater

systems (Mouton et al., 2007; Robinson et al., 2011). In addition, it is often di�cult

to assess whether the structure of marine �sh assemblages is more a�ected by dispersal

limitation or by water conditions as oceanic currents, which are vital for larvae dispersal

and cause abrupt changes in environmental conditions, might act as either physical or

physiological barriers respectively (Gaylord and Gaines, 2000). For example, Sandin et al.

(2008) were not able to disentangle the e�ects of productivity, an environmental variable,

and isolation, associated with dispersal limitation, on �sh species richness due to their

negative correlation. Therefore, studies that focus on a limited set of potential predictors

without accounting for di�erent confounding factors may yield questionable results.

The Galapagos archipelago is known for its rich biodiversity, which is the result of it

being located at the intersection of multiple warm and cold ocean currents (Palacios,

2004). The observed di�erences in the marine communities seem to coincide with sharp

di�erences in environmental conditions, which have given rise to the delineation of multiple

bio-geographical regions (Harris, 1969; Jennings et al., 1994). The strong regional divisions

in �sh assemblages observed by Edgar et al. (2004a) were considered to re
ect both the

local environmental conditions and connectivity of �sh larvae with external source regions,

such as the Indo-Paci�c, Panamic and Peruvian region. However, at the same time the

high species richness on the far-northern isolated islands of Wolf and Darwin, suggested

high immigration rates and a strong connectivity of �sh assemblages between the islands

(Edgar et al., 2004a). In the case of high inter-island connectivity, it is expected that

�sh are able to reach the di�erent available habitats and that their prevalence is mainly

determined by local environmental conditions, rather than by dispersal limitation. Based on

di�erences in temperature, Harris (1969) identi�ed �ve potential bio-geographical regions in

the archipelago, but these were signi�cantly di�erent from the regions proposed by Edgar

et al. (2004a), which were based on di�erences in the structure of �sh and macroinvertebrate

assemblages. According to Edgar et al. (2004a), there was no sound evidence to subdivide

the area east of Isabela and south of Marchena in the three zones suggested by Harris

(1969). Since the within-island biological variability of this Central-Southeastern zone was

larger than the between-island biological variability (Edgar et al., 2004a), local di�erences

in environmental conditions, e.g. temperature and physical habitat characteristics, may

indeed have been crucial to shape the observed �sh assemblages. Nevertheless, studies
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that assess the e�ect of local environmental conditions have been few. Jennings et al.

(1994) and Edgar et al. (2004a) provided strong evidence for di�erences in �sh assemblages,

but they were unable to identify any relationships with environmental conditions due to

lacking data. Llerena-Martillo et al. (2018) combined visual census data with environmental

measurements to study mangrove ecosystems in Santa Cruz, but the number of sites and

number of variables remained limited.

Besides natural stressors, anthropogenic pressures may also a�ect �sh assemblages. As

described in chapter 2, population increase, tourism and agriculture are driving forces

of major pressures on the marine ecosystems, such as pollution. Since pollution has

been identi�ed as a major threat to marine ecosystems (Boersma and Parrish, 1999),

understanding the drivers behind the structure of �sh assemblages in the Galapagos

archipelago is crucial to evaluate and/or propose conservation guidelines (Mateus et al.,

2019).

In this study, to identify the factors responsible for patterns in diversity and the structure

of �sh assemblages on the rocky shores of the Galapagos archipelago, the coastal areas

of two cities, signi�cantly di�erent in size, of two di�erent islands were assessed using

video transects. Since dispersal limitation, water conditions and physical habitats a�ect

ecological processes at a regional, intermediate and local scale respectively (Thuiller et al.,

2015), di�culties in separating the e�ects of these potential drivers were circumvented

by applying a multi-scale approach. A hierarchical repeated-observations sampling design

was used to collect biological data in the Central-Southeastern zone of the archipelago

allowing to compare �sh assemblages between islands, within islands and within locations.

We hypothesize that anthropogenic pressures and environmental conditions, such as water

temperature and physical habitats, are determinative for the structure of observed �sh

communities in the Galapagos archipelago. Given the expected di�erences in variation and

magnitude of anthropogenic pressures and environmental conditions between and within

the islands of Santa Cruz and Floreana, we hypothesize that �sh assemblage structure and

diversity will di�er accordingly and will be a�ected by di�erent factors.

4.2 Material and Methods

4.2.1 Data collection and sampling design

Two cities on di�erent islands within the Central-Southeastern zone of the Galapagos

archipelago, which were expected to have signi�cantly di�erent levels of anthropogenic
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pollution, were selected; Puerto Ayora (Academy Bay) on Santa Cruz island and Puerto

Velazco Ibarra on Floreana island. Puerto Velazco Ibarra is the smallest city of the

archipelago with approximately 111 inhabitants, while Puerto Ayora is the largest city

with 11822 inhabitants and the highest number of visiting tourists, according to a survey

of 2015 (INEC, 2015). Per city, �ve locations with rocky habitats were chosen along the

coast to use �xed video transects to study reef �sh assemblages (Figure 4.1). On each

location, three transects with a length of 50 meter each were laid out using ropes. For

�sh to be included they had be recorded within 2.5 m of either side of the transect line

(area = 50 X 5 = 250 m2). All transects were monitored at a constant depth of 1.5 meter,

parallel to the coastline, and only locations with a limited exposure to waves were selected

to guarantee the safety of the observers and to avoid predominant e�ects of wave exposure

on the structure of �sh assemblages. Each of these transects was recorded six consecutive

times with GoPro cameras (GoPro Hero 5 Black, 1080p, 60fps, wide FOV) by three di�erent

observers equipped with a mask and snorkel. Hence, ten locations x three transects x three

observers x six repeats yielded 540 observations (18 per transect: Fig. 4.2).

The observers covered the transects in a browsing fashion, similar to the S-type transects

introduced by Pelletier et al. (2011). Observers browse through the transect at a �xed speed,

but varying angle and can zoom in if needed to �nd individuals hiding in crevices. This

S-transect was chosen over the more standarized I-transect with �xed angle and without

zooming because the former had been found to enable detection of more individuals and

species compared to the latter (Pelletier et al., 2011). Transects were placed during low tide

and monitored during 
ood tide of consecutive days from the 19th until the 31st of August

2017. The duration of each observation was approximately 4.6 minutes (� 0:7 minutes).

The time between each observation was at least one minute and subsequent observations

were found independent in terms of diversity and assemblage structure (section A.2.1). Per

day one location was monitored. The analysis of the videos included species identi�cation

and an estimation of the number of individuals per species, determined as MaxCount, i.e.

the total number of individuals per species per observation. The videos were analyzed once

by one out of two video analysts; videos were assigned randomly to these analysts to reduce

inter-observer bias (Williams et al., 2006).

During the monitoring of a speci�c location, physical-chemical conditions were recorded

as point measurements. Water temperature, acidity (pH), electrical conductivity (EC),

dissolved oxygen (DO) and chlorophyll were measured with handheld multiprobes (WTW for

temperature (� C), pH (-) and DO concentration (mg L� 1); Aquaread (AP5000 version 4.07)
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Figure 4.1: Map of the study area. (A) South-American continent with depiction of the Galapagos
archipelago. (B) Galapagos archipelago with depiction of the two studied islands. (C) The city
Puerto Ayora on Santa Cruz island with indication of the study locations. (D) The city Puerto
Velazco Ibarra on Floreana island with indication of the study locations.

for EC (mS cm� 1) and chlorophyll (µg L� 1)). Due to unstable measurements, chlorophyll

concentrations were only used to compare average values of both islands and were not

considered as a parameter in the constructed models. Nutrient concentrations of nitrite

(mg NO�
2 -N L � 1), nitrate (mg NO �

3 -N L � 1), ammonium (mg NH+
4 -N L � 1), sulfate (mg

SO2�
4 L � 1), phosphate (mg PO3�

4 -P L� 1), total phosphorus (total P) (mg P L� 1) and total

nitrogen (total N) (mg N L � 1) were determined spectrophotometrically (ThermoFisher

Genesys 10S UV-VIS) using Merck kits.
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Figure 4.2: Sampling design of the study. Three spatial nested levels can be identi�ed: Island,
Location (Loc) and Transect (Tr). Each observer (Obs) covered each transect six times. For clarity
reasons, not all subdivisions are presented in this �gure. All transects of the di�erent locations of
island A were covered by the three observers and the locations of island B were further subdivided
in transects, each covered by all three observers. The sampling design was balanced.

Measurements that were below the detection limit, were given the value of the detection

limit. This was only the case for ammonium concentrations in Floreana and at location

B10 in Santa Cruz, which were given a value of 0.01 mg NH+
4 -N L � 1. To assess how

the anthropogenic in
uences di�ered between islands, in �ve locations in Floreana and

three locations in Santa Cruz, the presence/absence of coliforms andEscherichia coli was

determined. To assess the underlying causes of patterns in water quality (i.e. variability

in natural conditions or variability in anthropogenic pollution), satellite imagery and

simulations from remote sensing based models were used. Results suggested that Floreana

has lower levels of anthropogenic pollution but more clear signs of natural upwelling than

Santa Cruz. More information is provided in section A.2.2.

For each transect the percentage cover of di�erent habitat classes (i.e. bare rock, rock with

sediment deposition, vegetated rock and sand) was determined within 2.5 meter of each side

of the rope. Physical habitats are often complex and di�cult to classify. Therefore, each

transect was covered multiple times to assess how closely �sh assemblages were associated
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with a speci�c (series of) micro-habitat(s). Since the scale and the intensity of the biological

and environmental sampling di�ered, the biological data was aggregated to the level of

transects (30 transects, i.e. 2 islands x 5 locations x 3 transects) to �t the scale of the

abiotic data before applying constrained ordination. In addition, because of the spatially

nested nature of the data, the geographical distances between sampling units (i.e. transects)

were at signi�cantly di�erent scales (i.e. between islands, between locations and between

transects). Therefore, similarities between nearby locations and transects may be the result

of the spatial structuring of species distributions rather than local environmental conditions

(Guisan et al., 2006; Kissling and Carl, 2008; Legendre, 1993). This spatial auto-correlation

was accounted for by explicitly integrating the geographical distance between the sampling

units in the di�erent models (Legendre, 1993).

To aggregate the biological data within transects the median of the 18 observations per

transect was chosen over the mean or maximum. Since �sh tend to be very mobile, occasional

observations of di�erent species moving between locations, may yield questionable results.

Using the median rather than the mean accounts for this bias, though it comes at a cost,

since individuals of cryptic, rare and easily scared species will also be less likely to be

observed during multiple observations.

All methods used for the studies in the Galapagos (chapters 4, 5, and 6) were carried out

in accordance with the relevant guidelines and regulations of the Galapagos National Park

Directorate under research permit PC-02-19. All experimental protocols were reviewed

and approved by the Galapagos National Park Directorate Applied Research Department,

which assesses animal care in research activities.

4.2.2 Data analysis

All analyses were performed using the R software (R Core Team, 2019) and the Primer

v6 multivariate statistics package (Clarke and Gorley, 2006) with PERMANOVA add-on

(Anderson et al., 2008).

Spatial variability of water conditions and habitats

In this study, geographical distance, i.e. normalized longitude (X) and latitude (Y), was

used to account for spatial auto-correlation and dispersal. The distances between the

locations within one island were negligible compared to the distance between the two

islands. Despite the aim of selecting locations at similar distances of each other, due to
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logistic constraints this was not always possible. In Floreana, the locations were more or

less at equal distances from each other along the coast, but this was not the case for Santa

Cruz, where locations were positioned within a bay, spatially clustering locations B2 and

B3 as well as B9 and B10, while B6 was more isolated (Figure 4.1). The average distance

between locations for Santa Cruz and Floreana was 734� 544 meter (SD) and 525� 397

meter (SD), respectively.

DISTLM (see further) does not make any assumptions about the distributions of the

covariables, but these distributions should nevertheless be appropriate for linear modelling

(Anderson et al., 2008; Legendre and Andersson, 1999). Therefore, to assess whether

distributions of covariables were not skewed or contained outliers, draftsman plots were

constructed and analysed. To deal with the detected skewness and outliers of some of

the covariables, these were transformed before normalization (subtraction of mean and

division by standard deviation). Nitrite, nitrate, ammonium, totalN, totalP, phosphate

and DO concentration were log(V) transformed and sulfate concentration was -log(2-V)

transformed. Similarly, the cover of di�erent habitat classes was often left or right skewed.

Therefore, the percentage cover of the physical habitats was arcsine square root transformed

prior to conducting the analyses (Gotelli and Ellison, 2004). The resulting histograms and

residual plots indicated a better �t compared to the case of no transformation (tested for

all covariables) or logit transformation (tested for the cover of the habitat classes).

Principal Component Analysis (PCA) was used to visually assess any potential grouping

of the water variables and the physical habitats. Tests of homogeneity of dispersions1

(PERMDISP) based on Euclidean resemblance matrices of the physical habitats and water

conditions allowed to determine and compare the variability of both series of environmental

variables in both islands. Additional PERmutational Multivariate dissimilarity-based

ANOVA 2 (PERMANOVA) analyses allowed to assess whether physical habitats and water

conditions were signi�cantly di�erent between islands and locations (nested in islands). The

PERMANOVA analyses were done using 105 unrestricted permutations of the raw data. To

compare the physical habitats of the islands, locations were considered as a random factor.

To compare the physical habitats of the locations, one analysis was performed for both

1PERMDISP is a multivariate extension of Levene's test. It is used to test the homogeneity of dispersions
among groups by comparing the distances of the observations to their group centroid (Anderson et al.,
2008)

2PERMANOVA is a non-parametric multivariate statistical test used to compare groups of observations
and test the null hypothesis that the centroids and dispersion of the groups are the same for all groups in
the chosen measure space (Anderson, 2017). It uses a partitioning of the total sum of squares to arrive at a
pseudo-F statistic for each term. P-values are obtained through appropriate permutation procedures for
each term (Anderson, 2001; Anderson et al., 2008)
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islands together. If both PERMANOVA and PERMDISP tests were found to be signi�cant,

additional Canonical Analysis of Principal coordinates (CAP) tests were used to assess the

distinctiveness of the considered groups.

Fish � and � diversity

In literature there have been many di�erent de�nitions for both � diversity and � diversity,

underlining the importance of a clear description of the de�nition used in each study. In

this study, we mainly adopted the de�nitions provided by Gray (2000), which are closely

related to the original de�nitions provided by Whittaker (1975). The number of species

observed per sampling unit is referred to as point species richness. Since it is unlikely that

only one sampling unit would be representative for the entire study area, a sample typically

comprises multiple sampling units within the area. The number of species found within a

sample is referred to as sample species richness, which is more closely related to Whittaker's

� diversity. In this study, the number of species observed during a single observation is

de�ned as the point species richness, while the total number of species within an island,

location or transect is referred to as the sample species richness. The sample species richness

was assessed visually using Species Accumulation Curves (SACs) (105 permutations) for

the di�erent islands (n=270 per island) and locations (n=54 per location)3. SACs depict

the number of observed species with increasing sampling e�ort and are typically used to

estimate the number of species in a particular area (Magurran, 2004). To statistically

compare the sample species richness of islands and locations (Wilcoxon rank sum tests)

and to assess correlations with environmental variables, respectively the total number of

observed species per location and transect (maximum sample species richness) were retained

for analysis. To compare the point species richness of both islands, a linear mixed model

with island as �xed e�ect, location and transects as nested random e�ects and observer

as crossed random e�ect were constructed. To compare the point species richness of the

locations, one analysis was performed for both islands together using a linear mixed model

with location as �xed e�ect and transect and observer as nested and crossed random e�ects

respectively.

� diversity or species turnover is de�ned as the degree to which a set of samples in a

given geographical area varies in the identities of the species they contain (Whittaker,

3For each level of sampling e�ort, observations are resampled without replacement and the total number
of di�erent species over all considered observations per sampling event are counted. Finally, the average
and con�dence intervals of the 105 resampling events are determined for each level of sampling e�ort. The
curvature provides insight in the expected species diversity (Chao and Shen, 2004)
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1975; Whittaker et al., 2001). In this study, di�erences in� diversity between islands and

between locations were assessed using a PERMDISP test on the Sorensen resemblance

matrix of the samples, in which a sample corresponds with the aggregated data of a single

transect. The distance to centroid in a two-dimensional Principal Coordinate (PCO) space

is considered a measure of� diversity. To compare islands and locations, the centroids of

the samples of each island and of each location were used respectively. To assess if there

were any relationships between environmental conditions and diversity, Pearson correlation

coe�cients ( r ) of the diversity measures versus the transformed environmental variables

were determined.

Fish assemblage structure

The analyses were performed on the Bray-Curtis resemblance matrix of the original fourth-

root transformed data set. Prior to applying PERMANOVA, a PERMDISP analysis

was performed to test for homogeneity among the dispersions of the di�erent islands and

locations (Anderson and Santana-Garcon, 2015). Although PERMANOVA is quite robust

to heterogeneity of variances for balanced designs when compared to other methods such

as ANOSIM or the Mantel test (Anderson and Walsh, 2013), signi�cant di�erences in

multivariate variability may complicate interpretations of PERMANOVA analyses. More

speci�cally, if both PERMDISP and PERMANOVA yield signi�cant results, there is not

necessarily a signi�cant discrepancy in the structure of the �sh assemblages other than the

di�erence in variability. Therefore, additional CAP discriminant analyses were applied to

assess the distinctiveness in the structure of �sh assemblages between the islands, locations

and transects. The leave-one-out misclassi�cation error was used as a measure of the

distinctiveness of each of the groups.

For the PERMANOVA analysis, the considered factors were island (�xed), location (�xed),

transect (random and nested within location) and observer (random and crossed). The

assessment of the main e�ects and pair-wise comparisons were obtained using 104 permuta-

tions of residuals under a reduced model. The square root components of variation (�
0
) were

estimated by equating the mean squares of the PERMANOVA models to their expectations

(Anderson et al., 2008). To determine the proportion of the variability explained by the

di�erent grouping factors, the percentage of variation of each component to the total

variation was used. Principal Coordinate (PCO) analyses were performed to visualize the

multivariate patterns. The �sh species that were characteristic for the di�erences among

the islands and locations were found by superimposing vectors corresponding to Pearson
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correlations of individual species with the resulting PCO axes.

CAP analyses were also performed to describe the correlation of the aggregated multivariate

biological data to gradients of water variables, physical habitats and geographical distance.

The �rst PCA axis, describing each series of variables, being habitat, water conditions and

distance, was retained and plotted against the �rst CAP axis of the aggregated biological

data set and the corresponding Pearson correlation of both axes was determined.

To assess the relative importance and overlap of geographical distance, water conditions

and physical habitats in shaping the observed �sh assemblages, they were considered as

separate subsets of variables in DISTance-based Linear Models (DISTLMs). While CAP

�nds linear combinations of the biotic and abiotic variables that are maximally correlated

with one another, DISTLM �nds linear combinations of the abiotic variables that are best

to predict patterns in the biotic data set (Anderson et al., 2008). As such, DISTLM models

take into account the potential overlap of di�erent predictors. Data was aggregated to

the level of transects (median) and spatial auto-correlation was accounted for by explicitly

integrating geographical distance. Because the number of spatial variables was limited

compared to the number of variables of the other two series, the polynomials up to 3rd order

of the coordinates, i.e. X (longitude) and Y (latitude), were included as well. Since the

number of variables exceeded the amount of observations, no interactions were considered

and subsets of variables were established for each series using forward selection based on the

multivariate analogue to the small-sample-size corrected version of the Akaike Information

Criterion (AICc) and sequential conditional distance-based Redundancy Analysis (dbRDA).

To compare the series, ideally the number of variables per subset should be the same.

However, the optimal number of variables based on the AICc can di�er between the series.

Therefore, the e�ect of including fewer or more variables was assessed and the variability

of the results was evaluated. These subsets were then compared using the AICc values,

forward selection and sequential conditional dbRDA. Models were also constructed for all

variables independent of the series they were assigned to, using forward selection. Finally,

this approach was extended by assessing all possible combinations of variables to construct

q-variable models with q ranging from one to six.

It is important to note that for the analyses that only considered biological data (i.e.

PERMDISP, PERMANOVA, and CAP) the full biological data set was used (n=540), while

for the analyses that considered both environmental and biological data (i.e. DISTLM and

CAP-PCA) the aggregated biological data set was used (n=30).
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4.3 Results

4.3.1 Spatial variability of water conditions and habitats

There were signi�cant di�erences between both islands (p< 0.05; Wilcoxon rank sum test)

in some of the measured water variables (Table 4.1). In Floreana, nitrite and sulfate

concentrations were signi�cantly higher, while in Santa Cruz ammonium concentrations,

temperature, pH and DO concentrations were signi�cantly higher. Although not signi�cant,

nitrate, phosphate, total P and chlorophyll concentration were on average higher in Santa

Cruz than in Floreana, while total N and EC were on average higher in Floreana. Although

rocky habitats were targeted for the transects, sandy patches were often unavoidable and

sand cover was signi�cantly higher in Santa Cruz (the abiotic data is depicted visually in

PCA plots (Figs A.2.4.1, A.2.4.2 and A.2.4.3)). PERMANOVA tests using all available

water variables also highlighted signi�cant di�erences in water quality between both islands

(p< 0.05), and the lack of signi�cant di�erences in distances to the centroids (PERMDISP

tests) suggests that the signi�cant PERMANOVA was due to true di�erences in multivariate

water quality data rather than to di�erences in variability. However, when PERMANOVA

was performed only on the selection of water parameters identi�ed in section 4.3.3 as

potential drivers of the structure of �sh assemblages (temperature, ammonium, phosphate,

nitrite and sulfate concentration), both PERMANOVA and PERMDISP yielded signi�cant

results, showing a higher multivariate dispersion among locations in Santa Cruz than in

Floreana and potentially questioning a signi�cant island e�ect on the abiotic environment.

However, the CAP leave-one-out cross-validation misclassi�cation error was exactly 0 %,

suggesting that both islands could still be perfectly distinguished from each other based on

their water parameters.

Similarly, PERMDISP tests indicated a signi�cantly larger variability of the physical

habitats among locations in Santa Cruz compared to Floreana. Here, PERMANOVA tests

were only marginally signi�cant (p< 0.1), suggesting that there were no clear di�erences

in habitat classes between both islands, in addition to the di�erence in variability. This

was supported by the high CAP leave-one-out cross-validation misclassi�cation error (20 %;

note that a misclassi�cation error of 50 % is expected by chance alone). Between locations,

no signi�cant were found for both PERMDISP and PERMANOVA.

Coliforms andE. coli were found more often in Santa Cruz than in Floreana (Table A.2.4.1).

In three out of three locations in Santa Cruz both coliforms andE. coli were found, while

in Floreana, the respective frequencies were three out of �ve and one out of �ve locations.
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Table 4.1: Water conditions and percentage cover of physical habitats of the assessed locations of
Santa Cruz and Floreana island. The mean, standard deviation (sd), minimum (min) and maximum
(max) for each island are given. Variables with signi�cant di�erences between the islands (p< 0.05;
Wilcoxon rank sum test) are indicated with *.

Variable
Floreana Santa Cruz

mean sd min max mean sd min max

Nitrite

(mg N L � 1 )*
0.02 0.01 0.01 0.03 0.01 0.00 0.00 0.01

Nitrate

(mg N L � 1 )
0.32 0.14 0.22 0.56 0.48 0.07 0.40 0.59

Ammonium

(mg N L � 1 )*
0.01 0.00 0.01 0.01 0.02 0.01 0.00 0.04

Sulfate

(mg L � 1 )*
1.42 0.07 1.31 1.47 0.99 0.48 0.13 1.26

TotalN

(mg N L � 1 )
0.76 0.21 0.48 1.04 0.56 0.14 0.36 0.73

Phosphate

(mg P L � 1 )
0.04 0.02 0.02 0.06 0.06 0.04 0.03 0.13

TotalP

(mg P L � 1 )
0.09 0.12 0.02 0.31 0.11 0.04 0.08 0.17

DO

(mg L � 1 )*
8.84 0.58 8.21 9.43 11.16 1.78 9.50 13.95

EC

(mS cm � 1 )
49.56 4.84 41.90 53.00 46.18 3.99 42.10 52.50

Temperature

( � C)*
19.30 0.96 18.20 20.40 23.30 1.20 22.20 25.20

pH

(-)*
7.98 0.08 7.90 8.07 8.29 0.13 8.20 8.51

Chlorophyll

(µg L � 1 )
4.31 5.94 0.00 13.20 10.29 4.31 3.50 15.58

Sand

(%)*
9.00 9.00 0.00 23.00 25.00 6.00 18.00 32.00

Vegetated

rock (%)
68.00 16.00 39.00 81.00 40.00 29.00 0.00 82.00

Rock with sediment

deposition (%)
5.00 12.00 0.00 27.00 26.00 34.00 0.00 75.00

Bare

rock (%)
18.00 8.00 10.00 28.00 9.00 13.00 0.00 27.00
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4.3.2 Fish � and � diversity

The linear mixed models did not indicate any signi�cant di�erence in point species richness

between both islands (p> 0.05). Similarly, Wilcoxon rank sum tests did not indicate any

signi�cant di�erence in sample species richness. The total amount of species recorded in

Santa Cruz and Floreana was 39 and 33, respectively (Fig. A.2.5.1). There was a signi�cant

e�ect of the factor Location in the linear mixed models for the locations, irrespective of

the islands. Pairwise comparisons with Tukey correction of the these models, revealed

signi�cantly higher point species richness in location B9 compared to locations C1, B3 and

B6; and in location C4 compared to location B3.

� diversity was signi�cantly larger in Santa Cruz than in Floreana (p< 0.05), suggesting

stronger niche di�erentiation in Santa Cruz (Fig. A.2.5.2). The distance-to-centroid for

Santa Cruz was on average 31.8 % (SE of 2.4 %) while for Floreana it was only 17.5 %

(SE of 2.4 %). Pairwise comparisons between locations, without correction for multiple

comparisons, did only result in some marginally signi�cant di�erences (p< 0.1) in � diversity.

However, it should be noted that the number of transects per location was limited to

three, impeding strong statements on potential di�erences between locations due to limited

statistical power. The range of distance-to-centroid values was quite large, from 3.82 to

27.63 %, but more data is required to assess the� diversity at this �ne spatial scale (Table

A.2.5.4 and Fig. A.2.5.2).

There was only a limited amount of strong correlations between diversity measures and

environmental variables. Nitrite concentration was negatively correlated with the sample

species richness of locations in Floreana (r =-0.96). In Santa Cruz, Total P concentration

(r =-0.94) and habitat class sediment deposition on rocks (r =-0.91) were negatively correlated

with point species richness, while EC was positively correlated (r =0.94) with point species

richness (Table A.2.5.2). In Floreana,� diversity was positively correlated with nitrate

(r =0.91) (Table A.2.5.3). In Santa Cruz,� diversity was negatively correlated with DO

(r =-0.92) and sand cover (r =-0.88 ). A positive, but not signi�cant ( p=0.13), Pearson

correlation (r =0.52) was found between� diversity and physical habitat variability (Table

A.2.5.4).

4.3.3 Fish assemblage structure

PERMDISP tests on the full biological data set indicated signi�cant heterogeneity of

multivariate dispersion at the level of islands, locations and transects (p< 0.05), but not at
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the level of the Observers. Multivariate variability was signi�cantly larger for Santa Cruz

than for Floreana, as the average distance-to-centroid of Santa Cruz was 35.44 (SE=0.48),

while for Floreana it was only 27.30 (SE=0.49). PERMANOVA models revealed signi�cant

e�ects at the level of islands and locations (p< 0.05). Within the island of Santa Cruz, more

signi�cant di�erences (p< 0.05) were found between locations (B10-B3; B10-B6; B10-B9; B3-

B9; B6-B9) than between the locations of Floreana (C1-C4). Thep-values were not corrected

since the permutationp-values provide an asymptotically exact test of each individual null

hypothesis of interest (Anderson et al., 2008)4. Because PERMDISP and PERMANOVA

analyses both yielded signi�cant results, there was not necessarily a signi�cant di�erence in

the structure of the �sh assemblages in addition to the di�erence in variability. However,

CAP discriminant misclassi�cation errors were generally low, indicating that the locations

and transects of both islands could be relatively well distinguished from each other. Hence,

the structure of the �sh assemblages di�ered between islands, locations and transects.

Di�erences among locations and transects were clearer (i.e., had lower misclassi�cation

errors) at Santa Cruz than at Floreana (Tables A.2.8.1, A.2.8.2, A.2.8.3 and A.2.8.4). These

results are clearly visualized in the PCO plot, where the �sh assemblages of both islands

were clearly separated (Fig. 4.3), and where there is much more overlap among locations

at Floreana than at Santa Cruz (Figs A.2.7.1 and A.2.7.2). In addition to the factors

Island (Table 5.3: 57.09 %) and Location (12.47 %), the factor Transect also explained a

substantial part of the variation (12.74 %), whereas the factor Observer alone explained

a negligible fraction of the data variation (0.27 %). The interaction of Observer with the

factors Island (0.06 %), Location (2.97 %), and Transect (4.39 %) still never explained

more than 7.5 % of the observed variation. In Santa Cruz, variability explained by the

locations (38.05 %) was larger than the variability explained by the transects (28.72 %),

while the opposite was true for Floreana (i.e. locations and transects explained 16.62 %

and 17.60 % of the variation, respectively).

Using the correlations of the biological data with the �rst PCO axis, the di�erences between

islands could be partly attributed to some typical species. For Santa Cruz, these included the

Bullseye pu�er �sh ( Sphoeroides annulatus; r =-0.62), Yellowtail damsel�sh (Microspathodon

4Because an asymptotically exact test was performed using a large number of permutations, it is
reasonable to assume that the p-values and family-wise error rate (chance of at least one type I error
(incorrect rejection of null hypothesis)) are not underestimated. Hence, with 10 comparisons and a 5%
signi�cance level it would be expected that 0.5 rejections are due to chance (i.e. family-wise error rate).
Since there were 5 signi�cant rejections of the null hypothesis it is unlikely that all of them were due to
chance. The family-wise error rate hampers the exact identi�cation of the real di�erences (as some of the
di�erences might actually not be a di�erence), but does allow a relatively strong statement regarding the
large number of signi�cantly di�erent locations within Santa Cruz, compared to within Floreana

Page 65



Assessing the drivers behind �sh assemblage structures: Case study of the rocky shores in the
Galapagos archipelago

4

bairdii ; r =-0.83) and Paci�c spot�n mojarra ( Eucinostomus dowii; r =-0.64), while for

Floreana they comprised the Bravo clinid (Gobioclinus dendriticus; r =0.56), Galapagos

ringtail damsel�sh (Stegastes beebei; r =0.83) and Chameleon wrasse (Halichoeres dispilus;

r =0.87). In Santa Cruz, the abundances of the Yellowtail damsel�sh and Paci�c spot�n

mojarra were positively correlated with DO and pH, while the abundances of the Bullseye

pu�er �sh were positively correlated with phosphate and negatively correlated with EC.

In Floreana, the abundance of the Galapagos ringtail damsel�sh was positively correlated

with nitrite, while that of the Bravo clinid was negatively correlated with the percentage of

bare rock and that of the Chameleon wrasse was positively correlated with phosphate. In

both Santa Cruz and Floreana, Endemic, Peruvian, Indo-Paci�c, Panamic and widespread

species were observed (Table A.2.5.1).

Figure 4.3: PCO based on Bray-Curtis resemblance matrix with distinction of the di�erent locations
in Santa Cruz (locations B) and Floreana (locations C). The �sh species with a Pearson correlation
of more than 0.4 with the ordination axes are represented as vectors.

The squared canonical correlations of PC1 with CAP1 indicate how well di�erences in the

structure of �sh assemblages can be explained by the water conditions, physical habitats

and geographical distance. Compiling data of both islands, these correlations (n=30) were

quite high: 0.85, 0.66 and 0.90, respectively (Table 4.2). At the level of individual islands,
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the squared correlations were 0.75, 0.76 and 0.36 for Santa Cruz (n=15), while for Floreana

(n=15), they were much lower: 0.03, 0.28 and 0.16, respectively.

When focusing on water conditions, the most parsimonious model that best explained �sh

community variation for both islands contained 5 variables: Temperature, ammonium,

phosphate, nitrite and sulfate (q=5). When focusing on the habitats, three variables were

retained in the most parsimonious model: Cover of vegetated rock, bare rock and rock with

sediment deposition (q=3). When focusing on the geographical distance, Y and X3 were

retained in the most parsimonious model (q=2). For Santa Cruz, total P and temperature

(q=2), cover of rock with sediment deposition (q=1) and Y3, X and Y (q=3) were retained.

For Floreana, nitrite (q=1), cover sand and bare rock (q=2) and X3 (q=1) were retained

(Table A.2.9.1).

For the full data set, water conditions explained the largest share of the variation, followed

by the geographical distance and physical habitats (marginal tests in Table 4.3). The

sequential conditional tests indicated that the most parsimonious model contained only

geographical distance. If geographical distance was not included, the most parsimonious

model only comprised water conditions. Changing the number of variables per subset of

each series (i.e. geographical distance, water conditions and physical habitats) did not

change the order of importance of the series, but did a�ect the number of series to be

included in the parsimonious model (Table A.2.9.3).

Within each island, geographical distance was not included in the most parsimonious models

(Table 4.3). Indeed, the sequential conditional tests for Santa Cruz only retained water

conditions to explain the composition of the �sh assemblages, while for Floreana only

physical habitats were retained in the most parsimonious model. However, care should be

taken when comparing these results, because the number of variables included in the subsets

had an e�ect on the order and nature of the series retained in the parsimonious model of

Santa Cruz (Table A.2.9.3). If one instead of two variables per series were included, both

physical habitat and geographical distance were added to the parsimonious model, but water

conditions were left out (Table A.2.9.3). For Floreana there was no e�ect of the number

of variables on the order or nature of included series. To visualise the outcomes of these

models ordinations of their �tted values are represented in Figs A.2.9.1, A.2.9.3, A.2.9.4,

A.2.9.6, and A.2.9.7. As the main patterns of the unconstrained PCO ordination plots

(Figs A.2.9.2, A.2.9.5, and A.2.9.8) and constrained dbRDA plots are relatively similar5,

the models appear adequate to �nd and explain the most important patterns in the data.

5Comparison of original values and �tted values respectively (Anderson et al., 2008)
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Table 4.2: Squared canonical correlations of the �rst PCA axis (PC1) with the �rst CAP axis (CAP1)
for the di�erent series of variables: Water parameters (Water), physical habitats (Habitat) and
geographical distances (XY) for both islands together (n=30) and separately (n=15).

Variable series Both islands Santa Cruz Floreana

Water 0.85 0.75 0.03

Habitat 0.66 0.76 0.28

XY 0.90 0.36 0.16

Table 4.3: Results of DISTLM analyses using series of predictors (water parameters (Water), physical
habitats (Habitat) and geographical distances (XY)). The optimal number of predictors per series
was determined using the AICc. For both islands together (n=30) and separately (n=15).

Variable series
Marginal tests Sequential tests

pseudo-F p-value R 2 AICc pseudo-F p-value cum. R 2

Both

islands

XY (q=2) 21.43 0.001 0.61 202.11 21.43 0.001 0.61

Water (q=5) 10.71 0.001 0.69 / / / /

Habitat (q=3) 9.03 0.001 0.51 / / / /

Santa

Cruz

Water (q=2) 5.52 0.001 0.48 103.17 5.52 0.001 0.48

Habitat (q=1) 4.91 0.001 0.27 / / / /

XY (q=3) 4.95 0.001 0.58 / / / /

Floreana
Habitat (q=2) 4.00 0.001 0.40 94.46 4.00 0.001 0.40

Water (q=1) 1.56 0.187 0.11 / / / /

XY (q=1) 1.74 0.144 0.12 / / / /

When no prior clustering of predictors in series (water conditions, physical habitats or

geographical coordinates) was done, a parsimonious model for the full data set contained the

predictors Y, cover of rock with sediment deposition, temperature, ammonium concentration

and cover of vegetated rock (Table 4.4). For Santa Cruz, a two-variable model containing

cover of rock with sediment deposition and temperature was considered best, while for

Floreana a two variable model containing cover of sand and bare rock was optimal.
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Table 4.4: Results of DISTLM analyses using all predictors, without grouping them in di�erent series
of variables. Predictors were selected using AICc. For both islands together (n=30) and separately
(n=15).

Variable
Marginal tests Sequential tests

pseudo-F p-value R 2 pseudo-F p-value cum. R 2

Both

islands

Y 32.81 0.001 0.54 32.81 0.001 0.54

Rock with

sediment deposition
9.08 0.001 0.24 5.33 0.001 0.62

Temperature 19.37 0.001 0.41 4.25 0.001 0.67

Ammonium 17.45 0.001 0.38 3.31 0.004 0.71

Vegetated rock 9.95 0.001 0.26 2.73 0.012 0.74

Santa

Cruz

Rock with

sediment deposition
4.91 0.001 0.27 4.91 0.002 0.27

Temperature 4.00 0.003 0.24 5.30 0.002 0.50

Floreana
Sand 3.94 0.003 0.23 3.94 0.004 0.23

Bare rock 3.31 0.011 0.20 3.34 0.023 0.40

4.4 Discussion

Although the � diversity, � diversity and structure of the �sh assemblages were clearly

di�erent between both islands, elucidating the drivers of these di�erences is not evident

because of the complex interplay of often intercorrelated environmental variables and

spatially confounded factors (e.g. occurrences of natural upwelling and anthropogenic

pollution). Nitrite, ammonium, sulfate, DO concentration, temperature and pH were

signi�cantly di�erent between both islands and sand cover was signi�cantly higher within

the transects of Santa Cruz. In addition, variability of the water conditions and physical

habitats were both larger in Santa Cruz than in Floreana. Furthermore, Santa Cruz was

characterized by strong anthropogenic pressures and little natural upwelling, while the

contrary was true for Floreana. Because the series of variables were characterized by many

correlations among their variables, there was no sound statistical ground to separate the

e�ects of geographical distance, water quality and physical habitats on diversity and the

structure of �sh assemblages based on this observation alone. However, by collecting data

over multiple scales, i.e. islands, locations and transects, a more detailed assessment could

be made.

4.4.1 Diversity

Although the point species richness and sample species richness did not seem to di�er

between the islands, the total number of species and� diversity in Santa Cruz were higher
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than in Floreana. This suggests that on a habitat scale, i.e. within transects and within

locations, the number of species may have been the same, but that niche di�erentiation was

larger in Santa Cruz than in Floreana. This is expected as the variability in observed water

conditions and physical habitats of the di�erent locations was higher in Santa Cruz than

in Floreana and more di�erent niches are more likely to harbor more di�erent species. In

addition, the � diversity did not di�er signi�cantly between the locations, which corroborates

the absence of signi�cant di�erences in the variability of physical habitats between the

locations. However, it should be noted that the number of transects per location, and

therefore the statistical power, was limited. The fact that the� diversity of locations

showed a weak positive correlation with physical habitat variability and that� diversity of

the islands seemed positively a�ected by the variability of water conditions and physical

habitats, suggests that environmental conditions may be important for diversity on multiple

spatial scales. Nevertheless, more �ne-scale studies are required.

Nutrient concentrations seemed to have a negative e�ect on� diversity (both point and

sample species richness) of both islands as meta-analyses of studies on marine communities

already suggested (Johnston and Roberts, 2009). Nitrate and phosphate concentrations

in Santa Cruz were found to be four and two times higher than those recorded in June

2007 (Palacios and Burgos, 2009) and eight and seven times higher than those recorded in

1968 (Houvenaghel, 1978), underlining the increasing risk �sh communities are facing. In

addition, Mateus et al. (2019) found some strong relationships between population increase

and nutrient concentrations in coastal sites of Puerto Ayora during a 9-year study period.

However, whether the underlying cause behind elevated nutrient concentrations is natural or

man-made is often hard to determine. This is especially the case for the hydrodynamically

complex area of the Galapagos archipelago, being subject to local upwelling of cold, saline,

nutrient rich waters originating from the eastward Cromwell current (Houvenaghel, 1978;

Schae�er et al., 2008).

A combination of satellite imagery, remote sensing based models and in situ nutrient

measurements indicated that Floreana was characterized by strong natural upwelling, while

high nutrient concentrations in Santa Cruz were more likely the result of anthropogenic

pollution (A.2.2). This result corroborates results of earlier studies (Mateus et al., 2019;

Werdeman, 2006). Furthermore, the fact that fecal coliforms andE. coli were found more

often in the coastal waters of Puerto Ayora, indicates a stronger anthropogenic pollution

compared to Floreana (Fern�andez, 2008; Stumpf et al., 2013).
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4.4.2 Structure of �sh assemblages

Characteristic species

DO and pH were signi�cantly higher in Santa Cruz and seemed to have a positive e�ect on

the abundance of the two most typical species from Santa Cruz, the Yellowtail Damsel�sh

and the Paci�c Spotted�n Mojarra. Hence, the absence of these species in Floreana may

be related to the lower DO and pH. However, the two most typical species of Floreana, the

Galapagos Ringtail Damsel�sh and Chameleon Wrasse, were correlated only with nitrate

and phosphate gradients in Floreana, respectively. These variables were not signi�cantly

di�erent between the islands, hence providing no indication that environmental conditions

are responsible for the relative absence of these species in Santa Cruz. However, it should

be noted that the number of monitored locations per island was limited and that the

environmental gradients in Floreana were less pronounced than in Santa Cruz.

Fish assemblages

The results suggest that the prevailing environmental conditions, rather than the geograph-

ical distance between the islands, are the underlying cause for the observed di�erences

in the structure of the �sh assemblages. First, in Santa Cruz and Floreana a mixture of

Endemic, Peruvian, Indo-Paci�c, Panamic and widespread species were found, con�rming

the conclusion of Edgar et al. (2004a) regarding the strong connectivity of the archipelago

with the surrounding islands and coasts. Second, since within the islands of Santa Cruz

and Floreana, temperature and the cover of sand turned out to be most important for the

structure of �sh assemblages and given the signi�cant di�erences of these variables between

both islands, it is likely that environmental conditions, rather than geographical distances,

are the drivers behind the observed di�erences in the structure of the �sh assemblages of

both islands. In addition, the signi�cantly stronger within-island and between-locations

variability of the structure of the �sh assemblages in Santa Cruz compared to Floreana,

is likely the result of the pronounced environmental di�erences between the locations of

Santa Cruz compared to those of Floreana.

Fish assemblages in Santa Cruz, an island characterized by anthropogenic pollution (Werde-

man, 2006; Mateus et al., 2019), are a�ected more by water conditions than physical

habitats. The contrary is true for Floreana, where anthropogenic pollution is limited,

invoking smaller gradients in water conditions (especially for those variables that turned out

to be potential predictors for the structure of �sh assemblages). Nutrient concentrations, i.e.
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Total P, and temperature gradients were determinative for the structure of �sh assemblages

in Santa Cruz, while in Floreana the percentage sand cover was most important to predict

the structure of �sh assemblages. Although sand cover within the observed transects was

relatively low in Floreana, signi�cantly di�erent �sh species were observed along transects

with high versus low sand cover.

Although the most parsimonious model for both islands only contained the geographical

distance, latitude and longitude provided clearly a better representation of the geographical

distance than ammonium, temperature and all other measured variables could ever provide

for the environmental state of the water. Despite being inherent to any spatial environmental

study, this limitation can be partially accounted for by including multiple spatial scales in

the sampling design, as was illustrated here. As such, the main drivers behind the observed

regional and local di�erences in �sh assemblages could be identi�ed with some level of

statistical con�dence, adding to the work of Harris (1969), Jennings et al. (1994) and Edgar

et al. (2004a). As suggested by these authors, temperature was identi�ed as a major driver

of �sh assemblage structure. However, nutrient concentrations and the characteristics of

the prevailing physical habitats play an additional important role.

4.5 Conclusion and implications for management

Di�erences in �sh assemblage structure between Santa Cruz and Floreana are more likely the

result of di�erent water conditions rather than geographical distance or di�erent physical

habitats. However, while the �sh assemblages in Santa Cruz were mainly a�ected by

water conditions, �sh assemblages in Floreana were mainly a�ected by the type of physical

habitats. This di�erence was assigned to the di�erent levels of anthropogenic pressure on

the coastal waters of both islands, with Floreana having less anthropogenic pressures and a

more pristine nature than Santa Cruz. Higher levels of pollution seem to correspond with

a lower � diversity and signi�cantly di�erent structure of �sh assemblages, highlighting

the importance of environmental and waste management in the populated bays of the

Galapagos archipelago.

The structure of �sh communities can be used as an indicator of human pollution. How-

ever, care should be taken as anthropogenic pressures and natural stressors can easily be

confounded. Therefore, when assessing coastal water quality and anthropogenic pressures,

naturally occurring local and seasonal variations should be taken into account. Although the

sampling e�ort was distributed in such a way to provide reliable estimates of the underlying
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environmental drivers of �sh assemblage structure and diversity, separating anthropogenic

from natural stressors remained di�cult. In this study, only anthropogenically in
uenced

areas, with distinct natural stressors, e.g. temperature, were studied.

Future studies should include more islands and stronger gradients of anthropogenic pressures

to con�rm the found results. Although there have been several studies on the water quality

of coastal cities of the Galapagos and how it is related to population size and the number

of incoming tourists, the pressures themselves (i.e. agricultural runo�s and untreated

wastewater discharge) remain poorly understood. Mateus et al. (2019), for example,

suggested that elevated phosphorus concentrations in the coastal waters of Santa Cruz

could have been the result of inland pollution and water discharge, but studies to con�rm

this or to provide a more detailed description of the pollution sources and pathways remain

absent.

This study can serve as baseline for future studies aiming to improve ecological understanding

and/or develop management guidelines. Future studies should focus on the development

of water quality criteria adapted to local conditions, identi�cation of pressures on the

environment and management prioritization of pressures and associated environmental

changes with the strongest e�ect on local ecosystems.

4.6 Limitations of the study and research needs

Although a preliminary assessment of the inter-dependence (section A.2.1) and inter-observer

variability (section 4.3.3) indicated that video transects can provide reliable estimates of

�sh assemblage structure and diversity, the number of methodological guidelines remains

limited. For di�erent biological responses, e.g. �sh assemblage structure, diversity and

prevalence of indicator species, sampling errors and variability, should be quanti�ed and

accounted for. Following research questions could be identi�ed: How many observers and

transects are required? Can subsequent observations be considered independent? How

long should transects be? How many repeats are required and which counting metric,

i.e. MaxCount, MinCount or presence/absence, and data transformations should be used?

Given the research objectives, data and model requirements, practical circumstances and

limited resources for monitoring, which methodological considerations should be given

priority? These research questions are targeted in chapter 5.

Besides optimizing methodological settings by accounting for sampling errors and variability,

sampling designs and data analysis can be further improved by integrating ecological
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knowledge. In this study, many �ne-scale spatiotemporal dynamics of potentially ecological

importance were not accounted for. For example, per day only one location was monitored

and locations were not repeatedly monitored over di�erent days. Hence, daily variability

could not be accounted for, which might limit the interpretability of statistical models. If

daily biological variability turns out to be important, sampling e�ort might need to be

redistributed to cover several days (see chapter 6). However, sampling designs could be

made even more e�cient if the underlying ecological drivers of unaccounted temporal and

spatial biological variability were identi�ed and accounted for. Spatiotemporal dependence

might be either the result of (i) community dynamics, e.g. site �delity, home range and

dispersal limitation, (ii) induced environmental dependence due to ecological preferences

or (iii) observer e�ects, e.g. observers attracting or scarring away �sh species. Ideally

this knowledge is directly integrated in the sampling design. However, even in case these

\unwanted" �ne-scale sources of variation are unaccounted for in the sampling design, their

identi�cation and quanti�cation could be used to partial them out and to provide more

statistical power to the research objectives. For example, in case physical habitats are

important, but researchers are only interested in the e�ects of the marine protection status

of an area, an unbalanced design in terms of covered habitat classes could be accounted for

by partialling out the e�ect of the di�erent habitat classes. Identifying, quantifying, and

accounting for these \unwanted" �ne-scale sources of variation was done in chapters 5 and

6.
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CHAPTER5

Sampling errors and variability in video transects for assessment of

reef �sh assemblage structure and diversity

5.1 Introduction

Anthropogenic pressures are known to a�ect the physical habitat and chemical water

conditions of many reef ecosystems (Halpern et al., 2007). Although biotic indicators, such

as the diversity and structure of reef �sh assemblages, have proven useful to quantify these

environmental and ecological changes (Ford et al., 2018; Gonz�alez-Sans�on and Aguilar, 2010;

Guillemot et al., 2014), the conclusiveness of any ecological or behavioral �eld study heavily

depends on a proper choice of the sampling method and sampling design. When assessing

the abundance, diversity and species composition of �sh assemblages, visual census has been

the preferred non-destructive method, with stationary point counts and strip transects being

the most common options (Caldwell et al., 2016; Denny and Willis, 2003; Jones et al., 2015).

Observers identify and count the �sh they encounter either from a �xed observation point or

while swimming along a prede�ned transect. As such methods require substantial training

and considerable time in the �eld, the number of locations that can be sampled is limited

(Thompson and Mapstone, 1997). In addition, such traditional visual census techniques are

often characterized by high detection heterogeneity, caused by observer bias and observer

e�ects (Dickens et al., 2011; Langlois et al., 2010; Lind�eld et al., 2014; Pais and Cabral,

2017; Willis et al., 2000; Willis, 2001). In literature, observer e�ects are often considered as
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the spatiotemporal variability in observer bias due to gained experience or replacement of

observers (Thompson and Mapstone, 1997). We argue, however, that the proceeding of

sampling through time and space will not only alter the perception of the environment, but

also the environment itself. More speci�cally, observers might attract or deter species, while

also gaining more experience and an altered perception. Therefore, although partly related,

observer bias is considered the result of consistent di�erences in the perception of a unique

set of observers, while observer e�ects are considered the result of di�erences in observers'

perception through time and space in combination with �sh species-speci�c traits such as

detectability and response to presence of observers. These observer e�ects in combination

with random counting/detection errors and \random" or instantaneous �sh displacement at

very short time scales (e.g. minutes)1 constitute the sampling variability which is referred

to as baseline or instantaneous variability in observational �sh assemblage studies. This

sampling variability should be accounted for (or at least acknowledged) when designing

sampling schemes and interpreting data (Irigoyen et al., 2013; McClanahan et al., 2007).

Nowadays, stationary video cameras are often used to remove observer bias, to reduce

the impact on �sh behavior and to be able to store the video data for future studies and

validation (Cappo et al., 2006, 2011; Schmid et al., 2017). Nevertheless, stationary cameras

only provide a limited view of the study area as only small patches are monitored, and

are therefore of limited use when an extensive survey of a study area has to be done.

Because �sh species, and in particular reef �sh, are often strongly associated with speci�c

micro-habitats (Chapman and Kramer, 2000), a more mobile approach may be more

appropriate for more cost-e�ective monitoring. Video transects still su�er from observer

bias and observer e�ects, but the possibility to store video data for later analysis, to reduce

the amount of time spent on �eld work and to standardize observations, are important

incentives to upgrade traditional visual census techniques. Video transects have already

been applied in recent studies (Mallet and Pelletier, 2014; Wartenberg and Booth, 2015),

and remotely operated vehicles (ROVs) are likely to soon replace camera-operating humans

in a variety of applications (Schramm et al., 2020; Sward et al., 2019). Although studies

comparing di�erent video and other visual census techniques are becoming more frequent

(Andradi-Brown et al., 2016; Langlois et al., 2010; Tessier et al., 2013; Watson et al.,

1As �sh displacement is not necessarily random, even at very short time scales, we prefer to use the
term instantaneous �sh displacement, instead of random �sh displacement (Irigoyen et al., 2013; MacNeil
et al., 2008b), throughout the article to include all �sh displacement that would take place under natural
conditions at very short time scales. While the instantaneous displacement causes actual variability in
the local (i.e. within sampling unit) abundance, the random counting/detection errors introduce false
variability in local abundance.
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2005, 2010; Wilson et al., 2018), few have focused on the methodological aspects of video

transects, such as observer bias, design errors and sampling variability (Goetze et al., 2019).

Video transects are often considered a simple extension of visual census transects, although

the ability to store and standardize video observations2 justi�es a speci�c methodological

assessment of the technique.

On the one hand, applied ecological studies aiming to understand ecological processes and

how they are a�ected by management practices typically make use of multiple random

transects within one location to obtain a general picture of the local �sh assemblage, each

transect being covered only once by a single observer (Denny and Willis, 2003; Labrosse et al.,

2002; Ruttenberg et al., 2005). The lack of repeated observations renders any assessment

of the variability related to observers, transects and methodological parameters di�cult

(Katsanevakis et al., 2012). On the other hand, applied studies are often characterized

by complex hierarchical designs, while methodological studies typically entail more simple

sampling designs (Bijoux et al., 2013; Dickens et al., 2011; Watson et al., 2005), introducing

a conceptual mismatch between both. Besides di�erences in the sampling design, there are

often also di�erences in the statistical tools used by both types of studies. While applied

studies typically involve either multivariate (for �sh assemblages) and/or univariate (for

single species) models (Andradi-Brown et al., 2016; Denny and Willis, 2003; Samoilys and

Carlos, 2000; Zintzen et al., 2012), methodological studies generally apply the latter (Edgar

et al., 2004b; Langlois et al., 2010; Pelletier et al., 2012; Thompson and Mapstone, 1997),

but there are exceptions which integrate both (Cappo et al., 2011; Gladstone et al., 2012;

Lind�eld et al., 2014).

To ensure a close connection between methodology and application while maintaining a

sound statistical basis to assess the importance of di�erent factors, the present study laid

out a hierarchical design of repeated �xed video transects, with each transect being covered

multiple times by multiple observers. The sampling design allowed us to assess the suitability

of video transects to study reef �sh assemblages and to set up some practical guidelines.

Although repetitions of transects are not common in literature, they were necessary here

to provide answers to our research questions (see below), which are of interest for both

non-repetitive and repetitive studies.

2Video material has been used for di�erent purposes at di�erent times after the video material was
collected. It has been used to characterize physical habitats (Cappo et al., 2003), to obtain biomass
estimates (Harvey et al., 2001), to study �sh behavior (Watson and Harvey, 2007), and to train algorithms
to pick out �sh and identify them automatically (Boom et al., 2012). In addition, because the collecting
and analyzing of the video material can be done by two di�erent persons, people trained in underwater
video collection do not necessarily have to be trained in identifying and counting �sh
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� Are there (species-speci�c) observer e�ects which cause dependence between observations?

� How important are observer bias and sampling variability?

� How important are the methodological parameters transect length, number of repeats,

counting metric and data transformation?

Glossary

Design error Error associated with the methodological characteristics of the
sampling technique (e.g. transect length, swimming speed)

Detectability Probability of observing a particular species during a given
sampling occasion conditional on its presence at that location
(Kulbicki, 1998; MacNeil et al., 2008b)

Instantaneous variability Sampling variability caused by the instantaneous displacement of
�sh, observer e�ects and random counting/detection errors
(Irigoyen et al., 2013; McClanahan et al., 2007)

Observer bias E�ect of consistent di�erences in the perception of a unique set of
observers on �sh count

Observer e�ects The e�ect of di�erences in observers' perception through time and
space in combination with �sh species-speci�c traits such as
detectability and response to presence of observers on �sh count

5.2 Material and methods

5.2.1 Data collection

As described in chapter 4, 540 observations (2 islands x 5 locations x 3 transects x 3

observers x 6 repeats) were collected (Fig. 4.2). Each �sh identi�cation and count was

labeled with a time stamp to allow later splitting of the data in di�erent subsets. Fish were

counted in such a way that both MaxCount (total number of individuals per species) and

MinCount (maximum number of individuals per species in one frame, also referred to as

MaxN) could be determined (see section A.3.1). Each observation was split up in 5 distance

intervals (0-50, 5-45, 10-40, 15-35, 20-30 meters), based on the time stamps of the �sh

identi�cations, to assess the added value of increasing transect length. The exact distance

could not be determined, but the observers aimed to maintain a constant swimming speed,

so distance could be estimated from the time stamps.

5.2.2 Data analysis

When models for variation partitioning are constructed it is important to translate results

back to the context of data collection and sampling design (Fig. 5.1). Although ideally the
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inter-observer variability of our models would only contain the observer bias, the potential

temporal dependence of observations over observers might cause the estimates to be in
ated

by the sampling variability, i.e. the variability caused by observer e�ects and instantaneous

�sh displacement. Indeed, because observers covered transects subsequently the disturbances

caused by the �rst observer might a�ect the observations of the next observers. Furthermore,

it is likely that in case an individual �sh was recorded during a certain observation, it

might still be there during the subsequent observation because it is fouraging or hiding

for predators for a speci�c period of time. If this period of residence is longer than the

time lapse between observations, the chance that a speci�c observer encounters the species

after it was observed during the previous observation becomes in
ated3. The remaining

instantaneous variability is contained within the residual variability.

To assess the independence of successive observations and to evaluate the importance of

observer e�ects, auto-correlation functions and binomial models were developed (section

5.2.2). To quantify sampling variability and to evaluate the methodological parameters,

models allowing to assess univariate (section 5.2.2) and multivariate variability (section

5.2.2) were developed. Transect length and number of repeats were evaluated through

assessment of the design error (section 5.2.2) and precision estimates (section 5.2.2). Since

independence and design error (section 5.2.2 and 5.2.2) need to be considered in model

development, they were evaluated prior to the assessments of univariate and multivariate

variability and precision (section 5.2.2, 5.2.2 and 5.2.2).

All analyses were performed using the R software (version 3.6.2, R Developer Core Team,

R Foundation for Statistical Computing, Vienna, Austria) and the Primer v6 multivariate

statistics package (Clarke and Gorley, 2006) with PERMANOVA add-on (Anderson et al.,

2008).

Independence of observations and observer e�ects

To assess whether successive observations within the same transect were independent, the

auto-correlation functions (ACF; r k;j ) of the counts of each species of the 18 successive

observations (Y1;j , Y2;j , ..., Yi;j , ..., Y18;j ) per transect j for lag k, were determined,

r k;j =
P 18� k

i =1 (Yi;j � Yj )(Yi + k;j � Yj )
P 18

i =1 (Yi;j � Yj )2
(5.1)

3This in
ated change is the result of the non-randomness of instantaneous �sh displacement
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Figure 5.1: Methodological framework for the study. Variation partitioning using PERMANOVA
(permutational multivariate analysis of variance) and GLMM (generalized linear mixed models) were
used to quantify the di�erent sources of variation for multivariate and univariate data respectively.
The modeled inter-observer variability does not only comprises the observer bias, but also sampling
variability, i.e. observer e�ects and instantaneous �sh displacement. The residual variability
comprises the remaining sampling variability. ACF (auto-correlation functions), GLMM and partial
Mantel correlograms were used to assess observer e�ects. Precision analysis was used to assess
the e�ect of number of repeats and transect length on quanti�cation and reduction of sampling
variability.

In addition, for each observation lagk, the average ACF of the count of each species over

the transects was determined, providing detailed information on the temporal scale at which

repeated observations exhibited interdependence. Finally, to assess whether individual

species were a�ected in their behavior by the presence of an observer, binomial mixed

models were constructed4. Models were constructed for the 18 successive observations per

transect and for the 6 successive observations per observer and per transect. The binomial

mixed models had the Presence/Absence of the concerning species (Y
0

1;j , Y
0

2;j , ..., Y
0

18;j ) as

response, Order or sequence number of the observationi as a �xed e�ect and transect j as

4Linearity between predictors and the logit of the outcomes was evaluated using scatter plots
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a random e�ect.

Y
0

i;j � Binomial (ni;j ; pi;j )

log( pi;j

1� pi;j
) = � + � � Orderi;j + bj � T ransectj

(5.2)

Species which were only observed during the �rst of 18 observations were likely scared o�

by observers, while species which were only observed during the last observations were

likely attracted to the observers. Patterns for single observers could indicate that observers

speci�cally targeted or avoided areas where species were found earlier. For these analyses,

all series of observations which had at least one observed presence of the species concerned

were considered. The level of independence of the observed structure of �sh assemblages was

assessed using a partial Mantel correlogram (Legendre and Legendre, 2012). The correlation

between (1) the number of repeats/lags between observations and (2) the Bray-Curtis

dissimilarity values was determined while partialling out the e�ect the sampling unit (i.e.

transect) and observer might have had (categorical variable included as matrix of dummy

variables).

Design error

Observed absences (zeros) often have multiple origins: True zeros may either be structural,

i.e. related to habitat unsuitability, environmental conditions and/or dispersal limitations;

or they can be \random", i.e. related to sampling variability. False zeros may be related

to counting errors, observer e�ects or errors in the experimental design (Blasco-Moreno

et al., 2019). An important design error may arise from the choice of transect length. If

transect lengths are too short, many observations may contain no species at all and there

may also be pairs of observations having no or only few species in common, leading to

uninformative dissimilarity values and questionable multivariate analyses (Clarke et al.,

2006). In those cases, lack of information within individual observations may require

pooling sets of observations (Anderson and Santana-Garcon, 2015). Therefore, to assess

whether the transects were long enough to ensure that observations could be treated as solid

repeats rather than subsamples, Monte Carlo simulations were performed during which

percentage di�erence (Bray-Curtis) dissimilarity matrices were calculated (Anderson and

Santana-Garcon, 2015). Permutation scenarios (104 permutations) included the random

pooling of 1 to 6 or 1 to 18 observations (mean) for di�erent transect lengths and over two

di�erent spatial factors (i.e. Transects and Locations, respectively). The permutations and

the calculation of the dissimilarity values were obtained within each level of the considered
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factor, allowing to assess the dissimilarity in recorded �sh assemblages among di�erent

subsets of pooled observations for a given Transect or Location. Since there were 30 transects

and 10 locations, 30 and 10 series of 104 permutations each were conducted. Finally, the

average frequency distributions of the dissimilarity values were calculated, to assess the

overall trend in dissimilarity with increasing transect length and number of observations

pooled.

Variability in abundance and diversity estimates

The importance of the di�erent grouping factors, Location, Transect and Observer, for

the estimates of species density and Shannon diversity were assessed using linear mixed

models. To relate the counts (MaxCount) of individual species to the di�erent factors:

Location, Transect and Observer, zero-in
ated generalized linear mixed models (GLMM)

were developed. The output of models with Conway-Maxwell-Poisson (COM-Poisson) distri-

bution with log-link were reported. The COM-Poisson distribution generalizes the Poisson

distribution by adding a parameter to model both underdispersion and overdispersion

(Lynch et al., 2014), while the negative binomial only accounts for overdispersion (Imoto,

2014). Since one-third of the species distributions were underdispersed and two-thirds

overdispersed, the COM-Poisson distribution seemed most suitable. In addition, the count

COM-Poisson models outperformed, based on AIC, count models using a Poisson or negative

binomial distribution for most species. A subset of four species, with the potential to serve

as indicator species for di�erences in the structure of �sh assemblages, were selected to

provide a more in-depth assessment (for a more detailed description on how these potential

indicator species were selected, see A.3.3). Both types of models had Island as �xed e�ect,

Location and Transect as nested random e�ects and Observer as a crossed random e�ect.

The Intraclass Correlation Coe�cient (ICC) was estimated to quantify the proportion of

variance explained by the di�erent random factors (Nakagawa and Schielzeth, 2017),

ICC r = � 2
rP

� 2
r + � 2

"

ICCT otal =
P

� 2
rP

� 2
r + � 2

"

ICC " = � 2
"P

� 2
r + � 2

"
= 1 � ICCT otal

ICCSampling = ICC " + ICCObserver :T ransect + ICCObserver :Location

(5.3)

with � 2
r the variance of random factorr and � 2

" the residual variance. ICC" measures

the proportion of unexplained variability while ICCSampling measures the proportion of
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sampling variability. The lmer and glmmTMB R packages were used to develop the linear

and generalized linear mixed models, respectively (Brooks et al., 2017).

Variability in the structure of �sh assemblages

The observed �sh assemblages (MaxCount) were assessed using PERMANOVA models

(104 permutations under a reduced model). Data was fourth-root transformed and Bray-

Curtis dissimilarities were calculated. The models had Island as �xed factor, Location

and Transect as nested random factors and Observer as crossed random factor. The

addition of the factor Video Analyst was evaluated separately because of its unbalanced

nature. The square root components of variation (�
0
) were estimated by equating the mean

squares of the PERMANOVA models to their expectations (Anderson et al., 2008). To

determine the proportion of the variability explained by the di�erent grouping factors,

the percentage of variation of each component to the total variation was used (correction

for di�erent degrees of freedom among grouping factors). The combined contribution of

�
0

Residuals , �
0

Observer :Location and �
0

Observer :T ransect was used as a proxy of the proportion of

sampling variability (see section 5.2.2). R2 values (ratio of sum of squares of the grouping

factors over the total sum of squares: no correction for di�erent degrees of freedom among

grouping factors) were estimated to assess the e�ect of longer transect lengths, di�erent

metrics (MinCount and MaxCount), data transformations (fourth root, logarithm and

presence/absence) and dissimilarity indices (Bray-Curtis, Euclidean, Gower and Kulczynski)

on the goodness-of-�t of the PERMANOVA models. To evaluate the performance of a

speci�c methodological parameter, all possible combinations of parameter values were tested,

yielding 120 PERMANOVA models. CAP (Canonical Analysis of Principal components)

was applied over the di�erent transect lengths to assess the distinctiveness of the di�erent

Locations and Transects using the classi�cation error after leave-one-out cross-validation

(Anderson and Willis, 2003).

Precision estimates of abundance, diversity and �sh assemblage structure

Precision for both the univariate, i.e. abundance and diversity, and multivariate, i.e. �sh

assemblage structure, variables was estimated to determine the required number of repeats

and required transect length to account for sampling variability. Univariate precision was

determined as the inverse of the standard error (of the mean) to mean ratio (Andrew

and Mapstone, 1987). The precision for species density, Shannon diversity and count

(MaxCount) of the observed species was determined using permutations (n=104) over the
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transects using the 18 observations per transect (Manly, 1992). The average precision of the

di�erent transects was determined and con�dence intervals were estimated. To compare the

e�ect of more repeats and longer transect lengths, the precision was assessed as a function

of the total swim distance, determined as the number of repeats multiplied by the transect

length. The e�ect of turbidity on the precision of the species density and Shannon diversity

was assessed after classifying the 30 transects in three equally sized groups based on the

rank-order of the level of visually graded turbidity.

For the multivariate analysis, the square root of the residual mean square of the PER-

MANOVA models divided by the number of repeats was used as a measure of multivariate

pseudo error variance (multSE) (Anderson and Santana-Garcon, 2015). This proxy of

multivariate precision was evaluated against transect length and number of repeats. For

each transect length, permutations (n=104) over the transects using the 18 observations

per transect were applied to assess the e�ect of di�erent numbers of repeats.

5.3 Results

5.3.1 Independence of observations and observer e�ects

Although some evidence of temporal auto-correlation was found, this was only signi�cant

for two species (p< 0.05), the Harlequin wrasse (Bodianus eclancheri) and the Paci�c

dog snapper (Lutjanus novemfasciatus) (Table A.3.2.1). The order of the observations,

determined using all 18 observations of each transect (Table A.3.2.2; mixed binomial

models), had a signi�cant negative e�ect on the probability of observing the Cortez rainbow

wrasse (Thalassoma lucasanum), Marbled goby (Gobio manchada) and Stone scorpion

�sh ( Scorpaena mystes), suggesting that these �sh species were scared away by observers

(p< 0.05). By contrast, the order of the observations had a signi�cant positive e�ect on

the probability of observing the Amarillo snapper (Lutjanus argentiventris), Galapagos

triple�n blenny ( Lepidonectes corallicola), Mexican hog�sh (Bodianus diplotaenia), Panamic

sergeant major (Abudefduf troschelii) and White salema (Xenichthys agassizii), suggesting

that these �sh species were attracted to the observers (p< 0.05). For the mixed binomial

models using all 6 observations of each transect per observer, the order of the observations

only had a signi�cant positive e�ect on the probability of observing the Panamic sergeant

major (Abudefduf troschelii) and Reef cornet �sh (Fistularia commersonii) (p< 0.05) and

a marginally positive e�ect on the Bravo clinid (Gobioclinus dendriticus) (p< 0.10). The

order of the observations had a signi�cant negative e�ect on the probability of observing the
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Blue and gold snapper (Lutjanus viridis ) and Yellowtail damsel�sh (Chrysiptera parasema).

The partial mantel correlogram indicated that temporal dependencies in the structure of

�sh communities were not signi�cant, suggesting that observations could be treated as

independent.

5.3.2 Design error

Pooling observations had a clear e�ect on the frequency distributions of the dissimilarity

values for both spatial factors, Transect and Location, and for all di�erent transect lengths

(10 to 50 meters) (Fig. 5.2). As expected, the observations became more similar (lower

dissimilarity values) when pooling observations, a trend which was most pronounced for

the longer transect lengths (Fig. 5.2). However, even at transects of 10 meters, hardly any

uninformative dissimilarity values were obtained (Table A.3.6.1 and A.3.6.2). Therefore,

there was no indication that the observations had to be pooled and the original observations

could be used for the multivariate models. The higher number of lower dissimilarity values

when pooling within Transect compared to pooling within Location was expected, since the

repeated observations of a single sampling unit (Transect) are likely to be more similar than

the observations of two di�erent sampling units within the same location. Because of the

clear di�erence between transects of the same location, it was decided to only determine

the precision within Transect (over the di�erent observers) and not within Location. Hence,

per response variable, 30 (=number of transects) precision curves could be constructed (see

section 5.3.5).

5.3.3 Variability in abundance and diversity estimates

The ICCT otal , representing the proportion of the variability of the species density and

Shannon diversity explained by the factors Location, Transect, Observer and their interaction

increased with increasing transect length (Table 5.1). For both the species density and

Shannon diversity, the proportion of sampling variability decreased with increasing transect

length. For species density, there was a slight decrease in the proportion of variability

explained by Location, but this was compensated by the increase in the proportion of

variability explained by Transect. The factors Observer and interaction Observer:Location

explained none or only little of the variability of the species density, but the proportion

of variability explained by the interaction Observer:Transect was relatively high. For a

transect length of 10 and 20 meters it was even higher than the proportion of variability
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Figure 5.2: Histograms representing the frequency distributions of dissimilarity values (fourth-root
transformed, Bray-Curtis) for di�erent pooling scenarios. Di�erent spatial scales (Transect versus
Location), Transect lengths (10 versus 50 meters) and number of observations to be pooled (1 to
6) were assessed.

explained by Transect.

As for the species density, the proportion of variability of the Shannon diversity explained by

Transect increased with increasing transect length (Table 5.2). The proportion of variability

explained by Location decreased rapidly, while the proportion of variability explained by the

interactions Observer:Transect and Observer:Location showed a clear increase. The latter

were even higher than the proportion of variability explained by Location from transect
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lengths 20 to 50 meters.

Table 5.1: Model output (ICC (Intraclass Correlation Coe�cient) of the random e�ects, total ICC
explained by the factors of the model and ICC associated with the sampling variability) for a linear
mixed model with species density as response, Island as �xed e�ect, Location and Transect as
nested random e�ects and Observer as crossed random e�ect. Transect lengths of 10, 20, 30, 40
and 50 meters were assessed.

10 meters 20 meters 30 meters 40 meters 50 meters

ICC T ransect 0.073 0.116 0.145 0.180 0.204

ICC Location 0.369 0.354 0.345 0.351 0.345

ICC Observer 0.000 0.003 0.010 0.010 0.007

ICC Observer :T ransect 0.103 0.131 0.092 0.112 0.099

ICC Observer :Location 0.015 0.000 0.004 0.000 0.007

ICC T otal 0.560 0.604 0.596 0.653 0.662

ICC Sampling 0.558 0.527 0.500 0.459 0.444

Table 5.2: Model output (ICC (Intraclass Correlation Coe�cient) of the random e�ects, total ICC
explained by the factors of the model and ICC associated with the sampling variability) for a linear
mixed model with Shannon diversity as response, Island as �xed e�ect, Location and Transect as
nested random e�ects and Observer as crossed random e�ect. Transect lengths of 10, 20, 30, 40
and 50 meters were assessed.

10 meters 20 meters 30 meters 40 meters 50 meters

ICC T ransect 0.184 0.261 0.380 0.420 0.442

ICC Location 0.104 0.044 0.000 0.000 0.000

ICC Observer 0.001 0.000 0.009 0.008 0.010

ICC Observer :T ransect 0.082 0.119 0.066 0.078 0.161

ICC Observer :Location 0.065 0.081 0.081 0.110 0.105

ICC T otal 0.436 0.505 0.536 0.616 0.718

ICC Sampling 0.711 0.695 0.611 0.572 0.548

The proportion of variability of the counts of the potential indicator species explained by the

factors Location, Transect, Observer and their interaction did not show any consistent trend

with increasing transect length (Table A.3.5.1). The proportion of variability explained

by Observer (i.e. observer bias) was lower than the proportion of variability explained by

Transect and Location for 2 out of 36 species. However, interaction e�ects of Observer with

either Transect or Location were often important as the proportion of variability explained

by the interactions Observer:Transect and Observer:Location, exceeded the proportion of

variability explained by Transect and Location for 18 out of 36 species. For 28 out of 36

species the sampling variability exceeded the variability explained by Transect and Location

(Table A.3.5.2).
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Table 5.3: Square root estimates of components of variation (�
0
) and the percentage of variation of

each component to the total variation of PERMANOVA models based on Bray-Curtis dissimilarities
(fourth-root transformed) with Island as �xed factor, Location and Transect as nested random
factors and Observer as crossed random factor for transect lengths of 10, 20, 30, 40 and 50
meters.*p< 0.05, **p< 0.01

10 meters 20 meters 30 meters 40 meters 50 meters

�
0

Island **45.70 **43.13 **41.66 **40.21 **39.39

�
0

Observer 3.17 -0.42 1.99 2.31 2.72

�
0

Location **17.58 **17.49 **17.47 **18.02 **18.41

�
0

Island :Observer 1.40 2.82 2.37 2.46 1.25

�
0

T ransect **19.35 **19.60 **19.54 **19.27 **18.61

�
0

Location :Observer *5.84 **8.34 **8.14 **8.18 **8.98

�
0

T ransect :Observer **11.90 **12.34 **11.53 **11.15 **10.92

�
0

Residuals 28.19 23.28 20.66 18.58 16.49

% �
02
Island 55.64 56.00 56.76 56.52 57.09

% �
02
Observer 0.27 0.00 0.13 0.19 0.27

% �
02
Location 8.23 9.21 9.98 11.35 12.48

% �
02
Island :Observer 0.05 0.24 0.18 0.21 0.06

% �
02
T ransect 9.97 11.57 12.48 12.98 12.75

% �
02
Location :Observer 0.91 2.09 2.17 2.34 2.97

% �
02
T ransect :Observer 3.77 4.59 4.34 4.34 4.40

% �
02
Residuals 21.16 16.31 13.95 12.07 10.01

% �
02
Sampling 25.89 23.23 20.64 18.96 17.44

5.3.4 Variability in the structure of �sh assemblages

For all di�erent transect lengths, the factors Island, Location and Transect explained a

larger amount of the observed variability than the factor Observer and its interactions

(largest proportion of �
02: estimates of components of variation) in the PERMANOVA

models (104 permutations) (Table 5.3). The factor Observer only explained a limited

portion of the variability (between 0 and 0.3 %). However, a relatively large part of the

variability (between 0.9 and 4.4 %) was explained by the interactions of Observer with

Location and Observer with Transect. With increasing transect length, the proportion of

sampling variability decreased (from 25.9 to 17.4 %), while the proportion of variability

explained by the factors Location and Transect increased (from 8.2 to 12.5 % and from

10.0 to 12.8 % respectively). Inclusion of the factor Video Analyst had a negligible e�ect

(Table A.3.7.2).

Using di�erent transect lengths, metrics, data transformations and methods to calculate
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Table 5.4: Classi�cation error of leave-one-out cross-validation of CAP analyses (Bray-Curtis, fourth-
root transformed, eight PCO axes (m)). CAP analyses were performed for di�erent transect lengths
(10, 20, 30, 40 and 50 meters) and di�erent grouping factors (Location and Transect).

Leave-one-out cross-validation classi�cation error

10 meters 20 meters 30 meters 40 meters 50 meters

Location 35.37 36.11 28.70 25.56 25.00

Transect 60.37 52.78 46.85 42.04 36.85

dissimilarity matrices had a signi�cant e�ect (p< 0.05) on the goodness-of-�t of the PER-

MANOVA models (pairwise paired t-test of R2 values of each level of every considered

factor with Bonferroni correction. Interactions were not considered). The most signi�cant

di�erences were due to the increase of the transect length followed by the method to calcu-

late the dissimilarity matrices (Bray-Curtis, Euclidean, Gower and Kulczynski), the metrics

(MaxCount and MinCount) and �nally the data transformation (fourth-root, logarithm and

presence/absence) (Figs A.3.7.1 and A.3.7.2).

The leave-one-out cross-validation classi�cation error of the CAP analysis decreased with

increasing transect length for both the grouping factors Transect and Location (Table 5.4).

The decrease was most pronounced for the analysis using Transect as grouping factor.

5.3.5 Precision estimates of abundance, diversity and �sh assem-

blage structure

Precision, de�ned as the inverse of the standard error over the mean, of our estimates of both

species density and Shannon diversity increased with increasing number of observations and

increasing transect length (Fig. 5.3, A and C). Although the precision improved markedly

with increasing total swim distance (transect length x number of repeats), it did not matter

much whether more repeats or longer transects were considered: 10-meter transects were

slightly more e�cient to obtain precise results on the species density (Fig. 5.3 B), while 20

or 30-meter transects were slightly more e�cient for the Shannon diversity (Fig. 5.3 D).

For both diversity measures, the precision seemed to level o� at approximately 250 meters

of total swim distance. Higher levels of turbidity caused lower levels of precision for both

the species density and Shannon diversity (Fig. A.3.8.1). For all observed species, shorter

transects (10 and 20 meters) with more repeats turned out to be most e�cient to improve

precision in terms of total swim distance, with the exception of the Galapagos Sea Bream

(Archosargus pourtalesi) and the Black Striped Salema (Xenocys jessiae), for which longer
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transect lengths and less repeats were more e�cient (Fig. A.3.8.2). The stronger e�ect

of repeats over transect lengths was more clear for the counts of the individual species

than for the diversity indices, but the total swim distance at which the precision curve

levelled o� was highly species dependent. Multivariate pseudo error variance (MultSE)

was also clearly a�ected more strongly by the number of repeats than by transect length,

hence choosing 10-meter transects turned out to be most e�cient to improve precision (Fig.

5.4). MultSE leveled o� at longer total swim distances for the longer transect lengths; for

example, for 50-meter transects this was around 350 meters, while for 20-meter transects

this was around 200 meters.

Figure 5.3: Estimates of the standard error over the mean for species density (A) and Shannon
diversity (C) in function of the number of repeats. Precision is de�ned as the inverse of the standard
error over the mean. In (B) and (D) the standard error over the mean of species density and
Shannon diversity is given as a function of the total swim distance. Total swim distance is de�ned as
the number of repeats multiplied by the transect length. Di�erent transect lengths were considered
ranging from 10, 20, 30, 40 to 50 meters. Monte Carlo simulations (n=104) were applied to
determine the standard error over the mean per transect. The average values over all transects are
visualized. The error bars represent the 95% con�dence intervals which were constructed using the
pooled standard deviation of the estimates.
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Figure 5.4: Multivariate pseudo error variance (multSE) of PERMANOVA analysis based on Bray-
Curtis dissimilarities (fourth-root transformed) with Island as �xed factor and Location and Transect
as nested random factors. Monte Carlo simulations (n=104) were applied to determine the multSE
per number of repeats. The average values over all transects are visualized. The error bars represent
the 95% con�dence intervals which were constructed using the pooled standard deviation of the
estimates.

5.4 Discussion

5.4.1 Observer bias, observer e�ects and instantaneous �sh dis-

placement

Observer biases and sampling variability are important aspects to consider in observational

studies of �sh assemblages, but the simple sampling designs of most studies hampers a

detailed assessment (Bernard et al., 2013; Murphy and Jenkins, 2010). The hierarchical

sampling design of this study allowed to estimate inter-observer variability related to the

observers themselves (i.e. observer bias) and their interaction with the sampling units and

sites (i.e. observer e�ects and instantaneous �sh displacement). Although the provided

estimates of the observer bias and sampling variability can be considered as relatively reliable,

the additional partitioning of sampling variability in observer e�ects, instantaneous �sh

displacement and random counting/detection errors is subjected to much more uncertainty.

Although �sh displacement at very short time scales is often referred to as random, perfect

randomness seldomly occurs in ecology and undetected spatiotemporal patterns are more

likely the rule than the exception (e.g. undocumented foraging and reproduction behavior

and the conditional nature of animal movement in terms of space and time use). Since

patterns related to observer e�ects and instantaneous �sh displacement can therefore be

confounded and di�cult to unravel, additional insights in the biological and ecological traits
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of �sh can be useful to distinguish between causes of variation.

The relatively low ICCObserver values, which are an indication of the proportion of variability

explained by the factor Observer, of most univariate models in combination with the low

�
0

Observer of the multivariate models suggested that systematic observer biases were generally

limited. However, the interaction between the factor Observer and the factor Transect or

Location often turned out to be important, suggesting that some more complex processes,

involving observer e�ects and instantaneous �sh displacement, might be involved. This

corroborates with the results of visual census studies in which observer biases were found

less important than sampling variability (Edgar et al., 2004b; Williams et al., 2006). For the

observed structure of the �sh assemblages and the diversity estimates, i.e. species density

and Shannon diversity, these interaction e�ects were considerably smaller than the e�ects

attributed to the factors Location and Transect. However, for the univariate species count

models, 18 out of 36 species had considerably high inter-observer variabilities compared to

the e�ects attributed to the factors Location and Transect. Observers covered the transects

sequentially, meaning that each observer �rst �nished his/her six observations of one transect

before moving to another transect. Therefore one would expect that observations closer in

time would be more similar, causing signi�cant interaction e�ects of the factors Transect

and Observer. Although mostly not signi�cant, there were indeed some clear patterns in

temporal auto-correlation for some species, with similar amounts of species being signi�cantly

deterred (5) or attracted (7) by observers. In addition, di�erences in detectability due to

intrinsic factors of �sh species such as crypsis and color or extrinsic factors such as observer

behavior may have caused an additional bias (Boulinier et al., 1998; MacNeil et al., 2008b;

Willis, 2001). For example, the Marbled goby(Gobio manchada), a shy and cryptic species

known to hide in crevices, was scared away by observers, while the Panamic sergeant major

(Abudefduf troschelii) and Mexican hog�sh (Bodianus diplotaenia), two pelagic curious

species, appeared attracted to observers as they were typically recorded more often during

the �rst and last observations, respectively. It was unlikely that individuals of scared-away

�sh species would be recorded by the second and third observer, while curious �sh would

be more likely to be observed by all observers. Indeed, models for �sh that were scared

away typically showed higher levels of inter-observer variability than models for �sh that

seemed to be attracted to the observer.

Besides the e�ect of observers on �sh behavior, there are also e�ects of �sh behavior

on observer perception. Schooling behaviour may cause higher inter-observer variability

(Kulbicki, 1998; McClanahan et al., 2007). As a single observer records a school of �sh that
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moves out of view during the subsequent observations of other observers surveying that

speci�c transect or location, the e�ect on inter-observer variability would be much larger

than when a single individual would move out of view. This was most likely the case for

the White salema (Xenichthys agassizii) and Galapagos grunt (Orthopristis forbesi) which

are known to spatially cluster and move around in group. Similarly, the displacement of

individual �sh in and out of view will have a stronger e�ect on the inter-observer variability

of the counts of rare species (such as the Jewel moray (Muraena lentiginosa)) compared to

that of more common species, as instantaneous �sh displacement will a�ect �sh density

more severely, potentially even causing species to be detected during only some of the

observations of a speci�c transect or location (Boulinier et al., 1998).

Finally, the behavior of an observer might also a�ect his/her perception. Individual observers

covering a transect multiple times may gain knowledge regarding the location of species

that were hiding and may unconsciously give these locations more attention. For example,

on the level of a single observer, once the sedentary Bravo clinid (Gobioclinus dendriticus)

was detected, it was much more likely that it would also be detected during successive

observations. Therefore, the interaction e�ects are likely the result of a combination of

temporal auto-correlation between observations, instantaneous �sh displacement and biases

related to traits of both �sh and observer.

Overall, for the multivariate structure of the �sh assemblages, the factor Observer and

its interaction with spatial factors turned out to be much less important than the factors

Location and Transect. This result is in strong contrast with the results of traditional visual

census studies which are often faced with high levels of inter-observer variability (Bernard

et al., 2013; Dickens et al., 2011; Edgar et al., 2004b; Tessier et al., 2013). Although, the

'unwanted' sampling variability associated with instantaneous �sh displacement, observer

e�ects and random counting/detection errors could be relatively large for short transects

(1.42 times the variability explained by transects and locations), longer transects allowed for

a signi�cant improvement (0.69 times the variability explained by transects and locations).

Although not assessed in this study, detectabilty of species has been shown to be positively

related to density (Dorazio and Royle, 2005). Hence, the choice of the transformation

and/or dissimilarity measure, which di�er in the weights given to rare and common species,

might also a�ect the importance of observer e�ects and instantaneous �sh displacement.

In addition, if researchers are interested in the distributions of individual species, species-

speci�c observer e�ects and instantaneous �sh displacement might still be very important as

the proportion of sampling variability of most species (i.e. 28 out of 36 species for transect
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lengths of 50 meters) exceeded the proportion of variability explained by the sampling units

and sites.

5.4.2 Design error and sampling variability

The de�nition of a design error may depend on the hypothesis and on the scale of a study.

For example, if one is interested in the association of a species or �sh assemblage with

di�erent classi�ed habitat patches, the size of the repeated sampling unit is likely to a�ect

the sampling variability. If instead one is interested in the association of a species or

�sh assemblage with a speci�c area, sampling units that are too small may introduce a

design error because of their inability to account for the population variability, for example,

because the range of di�erent habitat types covered by the sampling is not representative

for what is present in the study area.

Although habitat patches were not explicitly classi�ed in this study, each transect (or each

subset of a transect) could be thought of as a unique series of habitat patches that did

not alter during sampling. To assess whether species or �sh assemblages are e�ectively

associated with a speci�c transect (or subset of a transect), some repeated observations are

required. Precision quanti�es the concordance of multiple observations and was determined

for species density, Shannon diversity and counts of individual species of each transect.

The precision of most parameters increased with the number of repeats and the transect

length. Hence, longer transect lengths were characterized by lower sampling variabilities.

In addition, the lower CAP cross-validation classi�cation errors (Table 5.4) and the on

average lower dissimilarity values of the longer transects (Fig. 5.2) suggested that also for a

multivariate response (e.g. �sh assemblage structure), sampling variability decreased with

increasing sampling length.

In addition to associations with habitats, researchers are often interested in associations

of �sh species or assemblages with speci�c areas or locations. Instead of the assessment

of small-scale relationships between �sh and their environment, one then wants to obtain

a more general idea of how �sh are a�ected by their surrounding environment. Such an

approach makes sense, given the high mobility of di�erent �sh species and the often strong

spatiotemporal dynamics of environmental conditions in coastal areas (Bruneel et al., 2018).

Therefore, rather than assessing the sampling variability within transects, the variability

between transects and between locations should be assessed. The linear mixed models

of species density and Shannon diversity �tted the data better with increasing transect

length, which is likely a consequence of the smaller chance of discovering additional species
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with further sampling e�ort in a speci�c location or transect, as can be seen in the species

accumulation curves of Figs A.3.4.1, A.3.4.2 and A.3.4.3. Similarly, the PERMANOVA

models �tted the data better (Table 5.3) and CAP cross-validations had lower classi�cation

errors for the di�erent locations (Table 5.4) with increasing transect length. If more di�erent

micro-habitats are monitored, the observed �sh assemblages within a location will likely be

more representative for that location (Fig. A.3.7.2).

The improved goodness-of-�t of the PERMANOVA models with increasing transect

length (R2
10m=0.761; R2

50m=0.880), could mainly be attributed to the factors Location

(R2
Location ;10m=0.145; R2

Location ;50m=0.212) and to a lesser extent to Transect (R2T ransect ;10m=

0.117; R2
T ransect ;50m=0.142), suggesting that, in addition to the reduced sampling variability

within transects, the representativeness of the transects for a speci�c location improved.

The Observer-related factors of the PERMANOVA models remained limited, suggesting

that, unlike the sampling variability and design error, the inter-observer variability did

not change much from short to long transects (Table 5.3). In addition, the design error

associated with short transects did not appear to impede multivariate analyses of the

assemblage structure for the transect lengths considered in this study: Even the lowest

transect length of 10 meters provided interpretable data for analyses of the assemblage

structure as uninformative dissimilarity values were almost non-existent, indicating that

there was no need to pool samples (Fig. 5.2).

Not only the procedures to collect video material, but also the procedures to analyze them

should be evaluated. The PERMANOVA model using log-transformed MaxCount data from

50-meter transects with six repeats performed best, while the PERMANOVA models using

presence-absence or transformed MinCount data of lower transect lengths performed worst

(Fig. A.3.7.1). MaxCount models were signi�cantly better in explaining the variability

than the MinCount models, probably because the latter may not scale linearly with true

abundance (Schobernd et al., 2014). MinCount is often used instead of MaxCount in

video monitoring studies to avoid double counts (Schobernd et al., 2014). However, since

we used video transects rather than stationary devices, the risk of double counting was

considerably less. Although neglecting the abundance of a species scored worst in terms

of goodness-of-�t, the di�erence between MinCount and presence-absence data was rather

small. Therefore, in this speci�c case, if one wanted to reduce the time required for video

analysis, the presence-absence instead of the abundance data could have been used, without

much information being lost.

Transect length remained the most important parameter a�ecting the performance of the
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PERMANOVA models, but longer transects also increased the time required for both

the data collection and processing. The square root of the residual mean square of the

PERMANOVA analysis decreased with increasing number of repeats and with increasing

transect length. This proxy for multivariate precision was more a�ected by number of

repeats than by transect length, suggesting that more repeats are preferred over longer

transects to increase the precision. However, more repeats do not alter the representativeness

of the sampling unit for the study area. Therefore, the choice between more repeats or

longer transects should be guided by the required level of precision and representativeness

of the sampling unit for the study area.

The precision of the MaxCount of most encountered species, with the exception of the

Galapagos Sea Bream (Archosargus pourtalesi) and the Black Striped Salema (Xenocys

jessiae), was also a�ected more strongly by the number of repeats than by transect length.

Although there was a clear increase in the precision of species density and Shannon diversity

with total swim distance, it did not matter much whether longer transect lengths or more

repeats were applied. For the assessment of species density, 10-meter transects were slightly

better, while for the Shannon diversity, 20 to 30-meter transects were slightly better. In

addition to the number of repeats and the transect length, the visibility also alters the

precision (Bicknell et al., 2016; Figueroa-Pico et al., 2020; MacNeil et al., 2008a). A higher

turbidity resulted in a lower visibility which caused clearly lower precision levels of the

species density and Shannon diversity. Observers had to swim longer transect lengths or

perform more repeats in turbid conditions compared to clear water conditions. Overall, if

researchers want to improve precision because of low visibility or pronounced spatial and

temporal dynamics, more repeats should be preferred over longer transects. The improved

ability to account for the existing sampling variability when including more repeats is

stronger (per unit of sampling e�ort) than the decrease in sampling variability when using

longer transects.

It should be noted that, besides the objectives of the study, time constraints and the nature

of the parameter of interest, the choice between more repeats and longer transects may also

be a�ected by more local logistic constraints. On the one hand, it may be more di�cult to

maintain homogeneous areas with respect to the observed �sh assemblages when transects

are longer (Anderson and Santana-Garcon, 2015), but on the other hand, more repeats

of the same transect might cause more disturbances and may be less informative when

the objective is to obtain representative observations of the local �sh assemblages. More

and longer transects would in that case be more suitable. Hence, researchers should take
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into account a broad range of potentially con
icting theoretical and practical aspects when

setting up an experimental design. Inter-observer variability, design errors, sampling vari-

ability, methodological parameters, environmental conditions, e.g. turbidity, and ecological

knowledge, e.g. species-speci�c traits a�ecting detectability, turned out to be important for

video transects and need to be accounted for to properly assess the ecological state and the

e�ect of management practices on the environment. However, the importance of certain

methodological aspects also depends on the nature of the considered ecological indicator,

i.e. diversity, �sh assemblage structure or counts of single species.

5.5 Conclusion

The hierarchical repeated-observations sampling design of �xed video transects applied in

this study in combination with the application of both univariate and multivariate models

allowed us to con�rm the suitability of the monitoring technique for the assessment of reef

�sh assemblage structure and diversity and to propose some guidelines for future studies

on inter-observer variability, design errors and sampling variability. The generally low

inter-observer variabilities for �sh assemblage structure and diversity are an indicator for

the performance of the sampling technique, but species-speci�c di�erences in detectability

underline the importance of considering observer e�ects and species traits. In addition,

the assessment of precision and representativeness of sampling units for diversity and �sh

assemblage structure measures, allowed us to �nd an optimal balance between the number

of repeats and transect length. For studies without repeated designs these estimates of

precision and representativeness are still very useful, especially if the objective of these

studies is to assess �ne-scale biological spatial variability and species-habitat relationships.

Finally, the choice of the methodological parameters is typically determined by the objectives,

study area, ecological knowledge and preferences of the researcher, but repercussions on

model output are seldom assessed. In this study, transect length turned out to be most

important, followed by the dissimilarity measure, counting metric, video analysis methods,

i.e. presence/absence or abundance, and data transformation. In summary, video transects

are a promising technique to monitor reef �sh assemblages but successful implementation

depends on the sampling design and methodological parameters.
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CHAPTER6

Fine-scale spatial and temporal dynamics of subtidal reef �sh

assemblages and implications for monitoring

6.1 Introduction

A key challenge in ecological studies involves improving interpretability of collected data

by reducing unexplained variability through informed sampling designs and integration of

ecological knowledge. Especially observational studies of �sh assemblages often face high

levels of unexplained variability because of observer bias, observer e�ects and instantaneous

�sh displacement (Irigoyen et al., 2013; McClanahan et al., 2007; Thompson and Mapstone,

2002). As mentioned in chapter 5, observer bias is the result of di�erences inherent to

the observer (e.g. experience and training a�ecting the number of counting errors), while

observer e�ects are related to the e�ect of observer presence on �sh behavior (e.g. �sh

being attracted or deterred by observers a�ecting the likeliness of them being observed)

and altered observer perception caused by an increased familiarity of the area after multiple

observations (e.g. observers unintentionally targeting spots where �sh were detected earlier).

Detectability, i.e. the probability of observing a particular species during a given sampling

occasion conditional on its presence at that location, is species-speci�c and dependent on

biological traits, such as swimming speed, body size and schooling behavior (Boulinier

et al., 1998; MacNeil et al., 2008b). As detectability is also a�ected by a wide range of local

factors including habitat, visibility, and overall disturbance level, its integration in data
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collection and analysis is likely to improve assessments of �sh assemblages (Follana-Bern�a

et al., 2019; Katsanevakis et al., 2012). Nevertheless, counting errors can only be remediated

until a certain level of inevitable stochastic variability remains. These counting errors in

combination with real variability in the abundance of species invoked by �sh displacement

at very short temporal scales (i.e. seconds to minutes) contribute to the instantaneous

variability of observational studies (McClanahan et al., 2007).

This instantaneous or baseline variability at the �nest temporal scale has been found an

important source of variability in reef �sh assemblages and will manifest itself as inevitable

sampling variability in observations, requiring su�cient repeated measurements to account

for it (Irigoyen et al., 2013; McClanahan et al., 2007). Variability due to �sh displacement

is likely to increase at larger temporal scales. Tidal dynamics have been shown to a�ect the

movement behavior of reef �sh moving in or out intertidal areas because of periodic feeding

opportunities (Castellanos-galindo et al., 2010) and of migrating �sh exhibiting selective

tidal stream transport (Verhelst et al., 2018b), while daily variability in the structure of

�sh assemblages was found to be the result of non-systematic �sh mobility across transect

boundaries or over larger spatial scales (Thompson and Mapstone, 2002). Finally, seasonal

and annual displacements might be invoked by reproduction cycles (Claydon et al., 2012) or

periodic habitat changes caused by climate events such as the El Ni~no Southern Oscillation

(ENSO) (Garcia et al., 2001). Besides a�ecting temporal variability, �sh displacement

will also a�ect the spatial variability of �sh assemblage structure. Depending on whether

the displacement concerns random movement, home ranging behavior, or long-distance

migration, spatial and temporal variability will comprise di�erent scales.

Researchers are most often interested in broad-scale spatial and/or temporal di�erences

in biological communities to assess for example the e�ect of protection status (Denny and

Willis, 2003) or climate change (Dulvy et al., 2008), which typically manifest themselves

over ranges of kilometers and years rather than meters and days (Quimbayo et al., 2019).

However, to do so researchers need to account for �ne-scale sources of variation. Especially

since some studies suggest that tidal, diel (within days) and daily (between days) variability

can be more important than seasonal and annual variability for reef �sh assemblages

(Thompson and Mapstone, 2002). In addition, �ne-scale variability in rock types, biotic

coverage and structural complexity have been found to be at least as important as factors

operating at broader spatial scales such as wave exposure and �sheries exploitation (Pittman

and Brown, 2011). For example, Bertocci et al. (2017) found that spatial variance in reef

�sh assemblage structure was largest at the smallest spatial scale (i.e. several meters apart)
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and almost zero at the largest spatial scale (i.e. several kilometers apart). Furthermore,

temporal trends might di�er between spatial sampling units (or similarly, spatial trends

might di�er between temporal sampling units) because of di�erent external factors, such as

human or natural disturbances, and/or internal factors, such as habitat characteristics and

the resilience of associated species to external factors (Lamy et al., 2015; Legendre et al.,

2010).

Most of these broad-scale studies acknowledge the importance of �ne-scale spatial and

temporal variability caused by factors such as habitat characteristics, tide, day light and

water depth and account for them to some extent by direct integration in the sampling

design and/or standardized corrections afterwards. For example, a study on reef �sh

assemblages with observations restricted to rocky habitats at depths of 1.5 meter during

midday only, is likely to reduce the variation in the data caused by habitat characteristics,

water depth and time of day. In case constant water depth along all transects is not possible,

repeated observations and inclusion of depth as random factor in data analysis can provide

an estimate of the variation caused by water depth, allowing it to be partialled out.

Acknowledging and indirectly accounting for �ne-scale variability (without exactly knowing

their magnitude) reduces the number of undesirable sources of variation. However, in

practice, it might not always be possible to account for all undesirable sources of variation

due to logistic constraints. For example, if interested in assessing di�erences between sites,

it is unlikely that all sites can be sampled within the same day around midday while also

having enough repeats to account for the instantaneous variation. Hence researchers would

need to balance the number of repeats, days and moments within days to monitor all sites.

Although it is important to have an idea of the most important temporal and spatial sources

of variation, a more fundamental insight in the actual parameters a�ecting �sh displacement

at di�erent scales is likely to provide more generalizable results. For example, if daily

variability in �sh assemblage structure is found to be strongly correlated to measurable

environmental conditions, the potential contribution of previously unconsidered sources of

variation could be estimated in advance by assessing environmental variation.

The underlying mechanisms behind temporal and spatial structuring of assemblages can be

subdivided in two categories (Legendre and Gauthier, 2014). The �rst process considers

that environmental factors, with speci�c spatiotemporal dependencies, are responsible for

the structure of �sh assemblages (Austin, 2002; Guisan and Zimmermann, 2000). This

mechanism is typically referred to as induced dependence or environmental �ltering and

can be presented as a model with biological response and environmental covariates (Austin,
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2002; Guisan and Zimmermann, 2000; Legendre and Gauthier, 2014). The second process

is related to community dynamics and manifests itself as auto-correlation in the residuals

of aforementioned model due to its lack of spatially and temporally explicit covariates.

Auto-correlation in the residuals is the result of observations, closer in time and/or space,

to be more similar due to processes such as dispersal, home ranging behavior and biotic

interaction (Heino et al., 2015; Leibold et al., 2004). On the one hand, �sh might be

observed in unsuitable habitats because of nearby suitable habitats around which the �sh

are ranging, introducing positive spatial auto-correlation. On the other hand, presence of

a predator in a habitat suitable for both prey and predator, might cause prey to avoid

the speci�c habitat and surrounding environment and to settle in less suitable habitats,

introducing negative spatial auto-correlation. Similarly for temporal structures, positive

auto-correlation could be the result of multiple observations within the same event, such

as a feeding event, while negative auto-correlation could be the result of �sh being scared

away by a diver during subsequent dives. Although there has been a rise in the number

of studies on the �ne-scale variability of �sh assemblage structure, assessments of the

underlying drivers of spatiotemporal variability at �ne-scales, i.e. environmental �ltering

and community dynamics, have been limited (Bertocci et al., 2017;•Ostman et al., 2017).

Furthermore, insights in the sources of spatiotemporal variation and underlying drivers can

only be extrapolated to other regions to some extent (Pittman and Brown, 2011; Robinson

et al., 2017; Elith and Leathwick, 2009b). As the archipelagos of the Tropical Eastern

Paci�c, such as the Galapagos archipelago, have been identi�ed as hotspots and stepping

stones for biodiversity (Robertson and Cramer, 2009), but face increasing pressures related

to pollution and climate change (Mateus et al., 2019; Victor et al., 2001). Therefore,

standardized observation-based monitoring programs able to detect the changes in �sh

assemblage structure are vital to understand and safeguard the local �sh assemblages

(Banks et al., 2014). Insights in the magnitude and sources of variability are key to propose

sound sampling designs for these programs. The aim of this study was therefore (i) to

determine the contribution of di�erent �ne-scale sources of spatiotemporal variation, either

induced by environmental conditions or community dynamics (Fig. 6.1), (ii) to provide an

estimate of the baseline instantaneous variability caused by instantaneous �sh displacement

and observer e�ects and (iii) to determine the most optimal number of days, transects and

repetitions to account for daily, spatial and instantaneous variability respectively. To this

end, �ne-scale temporal, i.e. diel and daily, and spatial dynamics of a subtidal reef �sh

assemblage in the Galapagos and potential environmental drivers, i.e. water conditions and
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physical habitats, were assessed using snorkel video transects.

Figure 6.1: Conceptual framework. The aim of this study is to identify the driving factors of �ne-scale
variability in �sh assemblage structures. The obtained knowledge can be integrated in studies
focusing on the assessment of broad-scale processes. Knowledge of the underlying drivers of
�ne-scale variability will be used to (1) guide the sampling design and decide on the distribution of
the sampling e�ort and (2) partial out the remaining in
uence of �ne-scale processes that was not
entirely accounted for by the informed sampling design (question mark in �gure). As such a better
insight in the importance of broad-scale processes, such as climate change, can be obtained.
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6.2 Material and methods

6.2.1 Data collection

In the Academy Bay (Puerto Ayora) of Santa Cruz island in the Galapagos archipelago, one

monitoring location with good underwater visibility, limited anthropogenic disturbances

and mainly rocky habitats was chosen (S0°4508:0900; W90°18034:3000). Within this location,

�ve linear video transects of 20 meter each with a distance between them of at least 10

meter, were laid out. All transects were at a depth of approximately 1 meter when the

water level was lowest. For �sh to be included they had be recorded within 2.5 m of either

side of the transect line (area = 20 X 5 = 100 m2). The coordinates of the middle of

these transects were recorded and used later to estimate the distance between the di�erent

transects. The centers of the transects were on average 32 meter (SE=3 meter) apart. Each

transect was recorded multiple times by a single observer equipped with a mask, stopwatch,

snorkel and GoPro camera (GoPro Hero 5 Black, 1080p, 60fps, wide FOV). Using a mask

and snorkel allows for more 
exibility and causes less disturbance to the ecosystem than

use of diving equipment (Lind�eld et al., 2014). The observer covered the transects in

a browsing fashion, similar to the S-type transects introduced by Pelletier et al. (2011).

The observer browses through the transect at a �xed speed, but varying angle and can

zoom in if needed to �nd �sh hiding in crevices. This S-transect was chosen over the more

standarized I-transect with �xed angle and without zooming because the former has been

found to enable detection of more individuals and species compared to the latter (Pelletier

et al., 2011). The coverage of each transect was performed in two minutes1. The monitoring

took �ve days, from the 10th until the 14th of February 2019, and per day each transect

was covered four times, two times before low tide, once during low tide and once after low

tide. Visibility became too low due to water levels being too high more than two hours

before and after low tide. The time between low and high tide was approximately six

hours. During each of these four moments/repeats, transects were covered sequentially,

with a time between transects of two minutes and a time between observations of one hour.

The last day of monitoring corresponded with neap tide. Videos were analyzed later by

the same person who collected the video material. The analysis of the videos included

species identi�cation and the estimation of the number of individuals per species. Each �sh

1Transects were placed and covered in such a way that the observer could move from the end of the
previous transect to the start of the next transect without crossing any transect. The observer moved very
slowly through the water when moving between transects and had to make sure there was approximately
two minutes between ending the previous transect and starting the next transect.

Page 104



6

Fine-scale spatial and temporal dynamics of subtidal reef �sh assemblages and implications for
monitoring

identi�cation and count was accompanied with the corresponding physical habitat class in

which the �sh(es) were encountered. MaxCount, i.e. the total number of individuals per

species, was used as it is the prefered counting metric for transects (Schobernd et al., 2014).

All analyses were performed on the entire biological data set consisting of 100 observations

in a balanced design (Fig. 6.2), i.e. �ve transect x �ve days x four observations (n=100).

Figure 6.2: Sampling design of the study with crossed factors Date (Day 1 to 5), Repeat (Repeat 1
to 4), and Transect (Transect 1 to 5).

Each day, nine water samples (i.e. every half hour) were taken to measure pH (-), water

temperature (� C), electrical conductivity (mS cm� 1), dissolved oxygen (mg L� 1) and

turbidity (NTU). Additionally, each day 5 samples (i.e. every hour) were taken to measure

nutrient concentrations of nitrite (mg N L � 1), nitrate (mg N L � 1), ammonia (mg N L� 1)

and phosphate (mg P L� 1). Due to the logistic constraints inherent to �ne-scale sampling,

environmental samples could not be collected at all transects at the same moment in time.

As the temporal dimension of this study was much more extensive than the spatial one, it

was decided to focus on the temporal variability of water conditions rather than the spatial

variability. At the di�erent sampling moments/repeats, the samples were always taken in

the center of the study area. Of each transect the percentage coverage of each habitat class

was determined. Four habitat classes were considered: Bedrock (Br), rocks (R) (0% sand),

mainly rocks with little sand (RwS) (0-50% sand) and mainly sand with few rocks (SwR)
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(50-100% sand). Habitat diversity (HD), was estimated as

HD = �
H cX

i =1

pi ln(pi ) (6.1)

with pi the proportion of the concerning habitat class (Hc).

6.2.2 Data analysis

All analyses were performed using the R software (version 3.5.0, R Developer Core Team,

R Foundation for Statistical Computing, Vienna, Austria) and the Primer v6 multivariate

statistics package (Clarke and Gorley, 2006) with PERMANOVA add-on (Anderson et al.,

2008).

Data from nitrite and ammonium concentration and turbidity were log transformed to

deal with right skewness of the data. The coverage of di�erent habitat classes was often

left or right skewed. Therefore, the percentage cover of the physical habitats was arcsine

square root transformed prior to conducting the analyses (Gotelli and Ellison, 2004). Loess

regression models with Date-time as covariate and a smoothing coe�cient of 20 % were

constructed to couple the biological and water conditions data, which did not match

perfectly in time (mean di�erence of 5.36 minutes and standard error of 0.34 minutes).

Temporal variability of water conditions

To assess whether there were any temporal trends in water conditions, simple multiple

linear regression models were constructed with the di�erent water conditions as response

and with covariates Date and time. Because the time series was small, trends over days

would be di�cult to interpret. Therefore Date was considered as a categorical variable,

while time was considered as a numerical variable. Both time of day, i.e. relative to the

position of the sun, and tidal time, i.e. relative to the moment of low tide, were considered

in separate models and the most parsimonious one was retained after step-wise model

selection with AIC as criterion. It should be noted that using predictors time of day and

tidal time yield the same slope but di�erent intercepts because of the advancement of the

tidal phases throughout the days. Hence, either time of day or tidal time were retained

depending on the number of signi�cant intercepts of the factor Date.
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Assessment of space and time as categorical variables

Before assessing whether there were any directional temporal and/or spatial trends in

the structure of the �sh assemblages, spatial and temporal units were considered as

categorical, rather than continuous factors. By transforming an inherently continuous

variable into a categorical one2, potential dependencies between nearby observations are

omitted, facilitating the processing and interpretation of data and results. However, this

comes at a cost as the explanatory power of the numerical dependencies is lost and the

power to detect di�erences has decreased due to a loss of degrees of freedom.

Biological data was fourth-root transformed before the percentage di�erence (Bray-Curtis)

dissimilarity matrix was calculated. This dissimilarity matrix was used as input for

PERMDISP (Tests of homogeneity of dispersions) and PERMANOVA (PERmutational

Multivariate dissimilarity-based ANOVA) analysis, with 104 permutations under a reduced

model, to assess multivariate dispersions and di�erences among groups. The e�ect of

the factors Date, Repeat (i.e. moment within day), Transect and their interactions were

evaluated. The residual variability was interpreted as the baseline or instantaneous vari-

ability. To assess how distinct observations from di�erent groups were, the leave-one-out

cross-validation classi�cation error after CAP (Canonical Analysis of Principal Coordinates)

was determined.

Space-time interaction

Overall directional temporal trends often can be decomposed in di�erent annual, seasonal,

daily or diel trends. First the overall time series was considered without decomposition,

yielding an unreplicated design as there is only one observation per moment in time and

per transect. To assess whether the �sh assemblages of the di�erent spatial units, e.g.

transects, change in a di�erent way through time, Space-Time-Interaction (STI) models for

an unreplicated design were used (Legendre et al., 2010). In case interaction is signi�cant,

the di�erent spatial units cannot be considered together and temporal changes need to be

evaluated per transect.

The STI models proposed by Legendre et al. (2010) were initially designed for direct

integration of the (transformed) biological count response data and uses dbMEMs (distance-

2Recoding of continuous factors into categorical factors was done via dummy coding. All but one (the
reference level) of the unique values are recoded to series of dichotomous variables (i.e. variables that have a
value of zero (in case the observation does not belong to the concerning level) or one (in case the observation
belongs to the concerning level)). These new variables are provided to the model. The coe�cients represent
the di�erence of the mean of the concerning level to that of the omitted reference level
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based Moran Eigenvector Maps) as representations for space and time. However, depending

on the objectives and studied system, non-Euclidean dissimilarity indices are often a more

appropriate biological response in ecological studies while AEMs (Asymmetrical Eigenvector

Maps) and MEMs (generalized Moran Eigenvector Maps) are often found to be more useful

to represent time and space respectively (Baho et al., 2015). Therefore, the STI models

were adapted to include AEMs, MEMs and a permutational MANOVA of the PCOA scores

of the fourth-root transformed percentage-di�erence dissimilarities of the biological data.

To maximize the number of MEMs that model positive correlation, the longest edge of the

minimum spanning tree (MST) was used as a threshold to connect neighboring transects

(Dray et al., 2006). This threshold was used to assign the spatial weights for the MEMs.

AEMs were determined using the time between observations as weights. Only positive

MEMs and AEMs were retained for further analysis (Legendre and Legendre, 2012).

Second, the time series was decomposed to assess daily and diel directional temporal trends.

A dbRDA model with the continuous factors time of day and Date, the categorical factor

Transect and their interaction was analyzed using forward selection with double stopping

criterion (maximization of R2
adjusted combined with ap-value threshold of 0.05) (Blanchet

et al., 2008). Interactions between any of the temporal factors with the spatial factor, would

indicate transect-speci�c temporal trends. In case of space-time interaction, the categorical

factor Transect was replaced by the proportions of di�erent habitat classes to identify the

habitat characteristics responsible for the di�erent slopes of the temporal trends among

transects.

E�ect of temporal scale on �sh assemblages

To assess whether temporal variability was mainly of a directional or non-directional nature,

the R2
non � directional and R2

directional were determined following Eq. 6.2 and Eq. 6.3, with

R2
AEM the amount of variability explained by all positive AEMs and R2

residuals the amount

of variability unexplained by a linear trend obtained by regressing, i.e. dbRDA, over time,

conditional over space (Legendre and Gauthier, 2014).

R2
non � directional = R2

AEM � R2
residuals (6.2)

R2
directional = R2

AEM � R2
non � directional (6.3)

To assess whether there were directional daily or diel trends in the structure of �sh
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assemblages, additional dbRDA models with the continuous factors time of day and Date

and the categorical factor Transect, were constructed.

Variation partitioning of time, space, water conditions and physical habitats

Prior to the variation partitioning, water condition variables were normalized (subtraction

of mean and division by standard deviation). Variation partitioning by dbRDA was applied

to assess the e�ect of space, time, water conditions and habitats (proportion of habitat

classes and habitat diversity) on the observed structure of the �sh assemblages. For each

series of variables, the most parsimonious subset was selected using a forward selection with

double stopping criterion (Bauman et al., 2018; Blanchet et al., 2008). The signi�cance of

the partial e�ects of the di�erent series of variables was tested by controlling for the other

series of variables in partial-dbRDA models. Variation partitioning by linear regression was

applied on the multivariate temporal and spatial dispersion, in order to identify the drivers

behind the temporal and spatial variability of the �sh assemblage structure.

Precision, accuracy and power estimates

To account for the baseline, daily and spatial variability when evaluating di�erences in the

structure of �sh assemblages a number of repeats, days and transects would be required.

To determine how many repeats would be required to obtain a certain level of precision

(moments within days were considered as repeats, see section 6.3.2), the multivariate pseudo

standard error (MultSE) introduced by Anderson and Santana-Garcon (2015) was used.

To assess how many days and transects should be included to account for daily and

spatial variability, the original algorithms provided by Anderson and Santana-Garcon (2015)

were extended: Besides iterating over the number of repeats per day when performing

PERMANOVA models with Transect and Date as random factors (i.e. implemented as

permutation restrictions), one extra iteration loop over the number of days and one extra

iteration loop over the number of transects was included. Simulations without replacement

(i.e. permutation samples) were performed to determine the average MultSE, MultSAD (i.e.

the pseudo standard error associated with daily variability) and MultSAT (i.e. the pseudo

standard error associated with spatial variability) for each combination, withs2
R , s2

D and

s2
T the estimated variance components of the residuals and random factors (i.e. days and

transects),nR , nD and nT the number of repeats per day, number of days and number of

transects, andMSR , MSD and MST the mean squares of the residuals and random factors
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respectively.

MultSE =
q

s2
R

nR
s2

R = MSR

MultSA D =
q

s2
D

nD
s2

D = (MS D � MS R )
nT � nR

MultSA T =
q

s2
T

nT
s2

T = (MS T � MS R )
nD � nR

(6.4)

Because days cannot be as easily 'revisited' as transects, the use of transects as random

e�ect is more practical than the use of days as random e�ect. However, even if days cannot

serve as random e�ect, observations of the same site over several days might still be useful.

Instead of accounting for daily and instantaneous variability seperatly by using days as

strata and within-day-and-transect observations as repeats, repeats could be de�ned as

within-transect observations. Although no distinction can be made between daily and

instantaneous variability, there will be a gain in accuracy of dividing the sampling e�ort

more evenly over study area and period. To assess how these di�erent approaches manifest

themselves, precision curves were constructed and compared for PERMANOVA models

considering (i) within-day-within-transects observations as repeats (with days as random

e�ect) and (ii) within-transects observations as repeats.

Simulations with replacement (i.e. bootstrap samples) were performed to determine the

95% con�dence intervals. The bias in the bootstrap samples was accounted for in the

con�dence intervals as the between the average permutation and bootstrap samples. For

each unique combination 1728 permutation samples and 1728 bootstrap samples were

established (12 permutations per number of days, per number of repetitions per day and

number of transects). Only balanced designs were considered.

To assess how the number of days and transects a�ects overall accuracy, the distance

between centroids was determined as a proxy. For each number of days and transects all

potential combinations were determined and the resulting centroid of the point cloud of

each combination was estimated. Per number of days and number of transects the average

distance to the centroid of the full data set was estimated. This distance was used as a

relative proxy of overall accuracy.

Finally, pairwise PERMANOVA models were developed to determine the power to detect

di�erences between transects for di�erent sample sizes (i.e. repeats per day), number of

strata (i.e. number of days) and e�ect size (i.e. between-transects R2 estimates) using

bootstrap samples obtained with aforementioned iteration scheme. Power was estimated

per combination as the proportion of Bonferonni-adjusted PERMANOVA p-values that

did not exceed the type I error, which was set at 5.0 %. A minimum sampling e�ort of 6
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observations was set. The e�ect of sample size (i.e. number of repeats), number of strata

(i.e. days) and e�ect size on power were determined with a logit model.

6.3 Results

6.3.1 Temporal variability of water conditions

Three of the four habitat classes, R, RwS and SwR, were strongly (p< 0.1) correlated

(rR� RwS =-0.92; rRwS � SwR=0.88; rR� SwR=-0.96). There were no signi�cant correlations

between water condition variables. Temperature, pH and DO showed a relatively strong

directional temporal trend compared to the other variables (R2directional > 0.1; Table 6.1).

pH was most a�ected by the time of day, i.e. relative to the position of the sun (Table

A.4.1.2), while temperature was most a�ected by the tidal time, i.e. relative to low tide

(Table A.4.1.3). DO was a�ected by both time of day and Date (Table A.4.1.4). Although

EC and phosphate concentration did not show a clear directional linear trend with time of

day, di�erences between days were signi�cantly larger than di�erences within days (Table

A.4.1.5). Turbidity, ammonium and nitrate concentrations did not seem to exhibit any

temporal trends. Transects closer together were more similar in their habitat composition

(Fig. A.4.4.3).

Table 6.1: Assessment of the nature of temporal variation in measured water conditions (pH, EC,
temperature, DO, turbidity, PO3�

4 , NH+
4 and NO�

3 concentration). The amount of variability
explained by the directional component of time (R2

directional ) and non-directional component of time
(R2

non � directional ) are determined as R2non � directional =R2
AEM x R2

residuals and R2
directional =R2

AEM -
R2

non � directional . R2
AEM is the amount of variability explained by all positive AEMs and R2

residuals
is the amount of variability unexplained by a linear trend obtained by linear regression over time.

R2
non � directional R2

directional

pH 0.364 0.163

EC 0.838 0.004

Temperature 0.429 0.272

DO 0.452 0.178

Turbidity 0.170 0.003

PO3�
4 0.889 0.038

NH +
4 0.469 0.027

NO �
3 0.307 0.097
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6.3.2 Assessment of space and time as categorical variables

During the study, 26 di�erent species were encountered (Table A.4.2.1). PERMDISP

analyses were signi�cant (p< 0.05) for the factors Date and Transect, but not for the factor

Repeat, suggesting that only the latter has homogeneous levels of multivariate dispersion

among groups. For the PERMANOVA models only signi�cant results (p< 0.05) were found

for the factors Date, Transect and their interaction. No signi�cant results were found for

the factors Repeat or the remaining interactions (Table 6.2). These results suggest that

there was no location or dispersion e�ects for the factor Repeat (i.e. at the diel/tidal level),

but that there was a dispersion e�ect and perhaps a location e�ect for the factors Date

and Transect. The CAP leave-one-out cross-validation misclassi�cation error was 35 %

for the factor Transect (80 % expected by chance alone), 70 % for the factor Date (80

% expected by chance alone) and 78 % for the factor Repeat (75 % expected by chance

alone), suggesting that the relative distinctiveness of the structure of the �sh assemblages

of di�erent transects is quite large, while it is quite low for the di�erent dates and absent

for the di�erent repeats (i.e. at the diel/tidal level). Since there was no signi�cant e�ect of

Repeat, its variability is likely to be of a stochastic nature. The di�erent observations per

day could therefore be treated as repeats in precision and power analysis and the associated

variability in combination with the residual variability could be used as a proxy of the

baseline or instantaneous variability: 44.21 % of the total variability could be contributed

to the the instantaneous variability.

6.3.3 Space-time interaction

A two-way ANOVA crossed design with interaction under-�tted (referred to as model 5 by

Legendre et al. (2010)), yielded a non-signi�cant interaction e�ect of AEMs and MEMs

(p> 0.05; Table 6.3). Since we found no signi�cant interaction, there is no indication for a

change in the spatial structure of the �sh assemblages across time. Hence we continued

with a two-way crossed ANOVA design without interaction (referred to as model 2 by

Legendre et al. (2010)), which indicated a signi�cant e�ect for both time and space (p< 0.05).

Additionally, a dbRDA analysis was performed, starting with the continuous factors time

of day, Date, Transect and their interaction. A forward selection with double stopping

criterion yielded a model containing the factors Transect, Date and their interaction. This

suggests that some daily trends in the structure of �sh assemblages were present, which

di�ered between the transects. Replacement of the factor Transect by more detailed habitat
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Table 6.2: Output of PERMANOVA models with the Bray-Curtis dissimilarities (fourth-root trans-
formed) of the biological data as response and the factors Date, Repeat, Transect and their
interaction as explanatory variables. The sum of squares (SS), mean sum of squares (MS), F-value,
R2, p-value, square root estimates of components of variation (�

0
) and percentage of total variance

are given.

Factor SS MS F-value R 2 p-value �
0

% of total variance

Full

model

Date 0.94 0.23 6.09 0.12 0.00 9.90 10.47

Repeat 0.12 0.04 1.07 0.02 0.41 1.02 0.00

Transect 2.82 0.70 18.27 0.35 0.00 18.24 35.54

Date:Repeat 0.47 0.04 1.02 0.06 0.43 1.34 0.00

Date:Transect 1.26 0.08 2.04 0.16 0.00 10.02 10.73

Repeat:Transect 0.56 0.05 1.22 0.07 0.146 4.10 1.80

Residuals 1.85 0.04 0.23 19.63 41.16

Total 8.02 1.00

Subset

model

Date 0.81 0.20 4.79 0.12 0.00 9.86 10.71

Transect 2.48 0.62 14.63 0.36 0.00 17.68 34.45

Date:Transect 1.07 0.07 1.57 0.15 0.01 9.82 10.63

Residuals 2.55 0.04 0.37 20.03 44.21

Total 6.91 1.00

speci�cation (proportion of habitat classes and habitat diversity) yielded a parsimonious

dbRDA model including the factors Date, all habitat classes and the interaction of Date

and percentage RwS. This suggests that the percentage RwS was determinative for the

daily trend of the structure of �sh assemblages in a speci�c transect. Since the habitat

class RwS was strongly correlated with the habitat classes R and SwR, it is likely that

generally the ratio of rocks versus sand is important for the daily trend. The percentage Br

and habitat diversity did not seem to a�ect the daily trend.

Table 6.3: Output from Space-Time-Interaction (STI) models. A two-way ANOVA crossed design
with interaction under-�tted (model 5) was applied. Since no signi�cant interaction was found, a
two-way crossed ANOVA design without interaction (model 2), was applied afterwards. R2, F-values
and p-values are given.

ANOVA Factor R2 F-value p-value

Model

5

Interaction 0.147 1.166 0.0944

Space 0.256 9.138 0.0001

Time 0.191 1.431 0.0001

Model

2

Space 0.256 8.793 0.0001

Time 0.191 1.377 0.0013
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6.3.4 Variation partitioning of time, space, water conditions and

physical habitats

Since there was no signi�cant interaction e�ect between time and space for the unreplicated

design, we decided to analyze the variation partitioning of the di�erent transects together.

Decomposition of the time series however, indicated an interaction between the factors Date

and Transect, indicating transect-speci�c directional daily trends. Therefore, we decided to

include the factor Date as a categorical variable. Forward selection of the water conditions

retained temperature and pH as explanatory variables, while for the physical habitats the

classes Br, RwS and SwR were retained. Forward selection of the spatial auto-correlation

retained the two �rst MEMs out of eight, while none of the nine AEMs were retained.

Because none of the AEMs were retained, an additional forward selection was performed on

the continuous factor time of day and the categorical factor Date, which retained the latter

factor. As such, the contribution of the directional components of temporal variability

are likely to be limited compared to the non-directional components. This was con�rmed

by the large di�erence between R2directional (0.01) and R2
non � directional (0.13) (Table 6.4). In

addition, unlike the factor time of day, the continuous factor Date had a signi�cant e�ect

on the structure of the �sh assemblages (Table 6.5).

Table 6.4: Assessment of the nature of temporal variation in the structure of �sh assemblages
(fourth-root transformed, Bray-Curtis dissimilarities). The amount of variability explained by the
directional component of time (R2directional ) and non-directional component of time (R2non � directional )
are determined as R2non � directional =R2

AEM x R2
residuals and R2

directional =R2
AEM - R2

non � directional .
R2

AEM is the amount of variability explained by all positive AEMs and R2
residuals is the amount of

variability unexplained by a linear trend obtained by regressing, i.e. dbRDA, over time, conditional
over space.

R2 Value

R2
residuals 0.9249919

R2
AEM 0.1434885

R2
non � directional 0.1327257

R2
directional 0.0107628

All these series with their subset of variables were used for the variation partitioning (Figure

6.3). Most explained variability originated from the factor habitats, followed by space,

habitats x space, daily variability x water conditions and daily variability. Partial tests

indicated signi�cant results (p< 0.05) for all aforementioned factors. All other partitionings

were not signi�cant. Although not signi�cant ( p> 0.05), multivariate temporal dispersion,

was positively correlated with the percentage R (r =0.69) and negatively correlated with the
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Table 6.5: Output of dbRDA models with di�erent constraints and di�erent factors being partialled
out, i.e. Condition(). The degrees of freedom (df), sum of squares (SS), F-value, p-value and
R2

Adjusted are given

df SS F-value p-value R 2
Adjusted

Time + Condition(Transect + fDate) 1 0.0351 0.7466 0.610 -0.0016

Time + nDate + Condition(Transect) 2 0.6384 6.4965 0.001 0.0701

Time + fDate + Condition(Transect) 5 0.9737 4.1394 0.001 0.0959

Time + fDate + Transect 9 3.7900 8.9516 0.001 0.4196

percentage RwS (r =-0.76) and SwR (r =-0.72). Hence, transects with a larger proportion of

rocks had a higher temporal dispersion, indicating that through time, the structure of �sh

assemblages of rocky habitats was most variable. Regarding multivariate spatial dispersion,

daily variability (R 2
a=0.66), water conditions (R2

a=0.17) and time of day (R2
a=0.07) were

identi�ed as important (A.4.3.2).

6.3.5 Precision, accuracy and power estimates

Including more repeats per day caused a strong decrease in the multSE (imprecision caused

by instantaneous variability), but slight increase in multSAD (imprecision caused by daily

variability) and multSA T (imprecision caused by spatial variability). Including more days

and transects decreased respectively the multSAD and multSAT (Figs 6.4 and 6.5). The

precision curves for daily variability were positioned relatively close together compared to

those for spatial variability.

In case days were not considered as strata, residual variability of a site was much smaller if

monitoring comprised only one day because daily variability was omitted (Fig. A.4.4.1).

In addition, because daily variability was found four times smaller than instantaneous

variability, it does not seem to matter much whether more days or more repeats per day

are included. Furthermore, in case days were considered as strata the e�ect of more days

on the precision of daily variability was much more pronounced (Fig. A.4.4.2). Accuracy

seemed positively a�ected by the number of days and transects as the distance between

centroids was negatively correlated (Pearson r=0.97) with the number of days and transects

(Table A.4.4.1).

The power curve of the pairwise PERMANOVA model comparing transects 4 and 5 showed

a very di�erent trend than those of the other pairwise comparisons (Fig. 6.6). This is

likely the result of the extremely low e�ect size (R2 of 0.058). Although e�ect size of the

other comparisons had a relatively large range (R2 from 0.135 to 0.491) the power curves
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Figure 6.3: Venn diagram representing the variation partitioning of the structure of the �sh assemblages
by spatial auto-correlation, temporal auto-correlation, water conditions and physical habitats.
R2

adjusted values are given for each series of variables. Values lower than 0 are not included.

were relatively close to each other. Hence, once a certain e�ect size threshold is exceeded

the importance of the e�ect size on power estimates seems limited. Indeed, when leaving

out the comparison of transects 4 and 5, e�ect size was not signi�cant in the constructed

logit model. Only sample size and the number of strata were retained and both seemed to

have had a positive e�ect with the e�ect of sample size being most important (Table 6.6).

Increasing the number of repeats with one unit was 2.72 times more e�cient to increase

power than increasing the number of days with one unit.
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Figure 6.4: Estimates of MultSE and multSAD for di�erent combinations of repeats per day (Repeats)
and number of days (Days) to serve as proxy of precision. Per unique combination of number
of days, number of transects, and number of repeats per day 1728 permutation samples were
established. 95 % con�dence intervals are given. Sampling e�ort was obtained by multiplying the
number of days with the number of repeats per day.

6.4 Discussion

On a �ne temporal scale, i.e. within and between the days of one week, and �ne spatial

scale, i.e. less than one hectare, di�erences in physical habitats seem most important to

explain observed di�erences in the structure of �sh assemblages. Some of the variability

explained by the physical habitats seems to overlap with some of the variability explained

by spatial auto-correlation, which makes sense as more close transects have more similar

physical habitats than transects further away. In addition, more than half of the variability
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Figure 6.5: Estimates of MultSE and multSAT for di�erent combinations of repeats per day (Repeats)
and number of transects (Transects) to serve as proxy of precision. Per unique combination of
number of days, number of transects, and number of repeats per day 1728 permutation samples
were established. 95 % con�dence intervals are given. Sampling e�ort was obtained by multiplying
the number of transects with the number of repeats per day.

attributed to spatial auto-correlation could not be attributed to any other factor and is

likely the result of the well-documented site �delity of many individual reef �sh (Jones,

2005; Welsh et al., 2013). Although, some potentially important local natural factors were

not available, e.g. wave exposure and water depth, or at least not accounted for at the

same detailed spatial scale as the biological data, e.g. temperature (Bergstr•om et al., 2016;

Santin and Willis, 2007), �ne-scale spatial and temporal dynamics, including environmental

�ltering and community dynamics, explained respectively 32.4 % and 7.2 % of the the
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Table 6.6: Output logit model with as response the power estimates and as predictors the number of
days serving as random e�ect (Strata) and the number of repeats per day (Sample size). Because
of its distinct pattern the transect pair 4-5 was omitted from the analysis. The factorE�ect size
was not signi�cant (p< 0.05) and therefore not included in the model.

Estimate SE z value p value

Intercept -18.63 4.45 -4.18 2.89*10� 5

Strata 2.95 0.71 4.16 3.18*10� 5

Sample size 3.95 1.01 3.91 9.39*10� 5

Figure 6.6: Estimates of power for di�erent pairwise PERMANOVA models comparing transects while
considering di�erent combinations of sample size (i.e. number of repeats per day), number of strata
(i.e. number of days) and e�ect size (R2). Per unique combination of number of days, number of
repeats per day and transect pair 2500 bootstrap samples were established. Sampling e�ort was
obtained by multiplying the number of days with the number of repeats per day.

�ne-scale variation in the �sh assemblage structure. The spatial variability was signi�cantly

larger than the temporal variability, corresponding with the outcomes of similar studies

(Anderson and Millar, 2004; Bergstr•om et al., 2016; Chapman and Kramer, 2000; Malcolm

et al., 2007).

Although there were no indications of temporal trends in the full time series, decomposition

of the time series in diel and daily variability revealed signi�cant daily trends, but no

diel trends. However, these daily trends were dependent on the considered transect and

more speci�cally on the proportion of sand versus rocks, indicating that the structure of

local �sh assemblages of di�erent habitats changes di�erently through time. The daily
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trend might have been the result of a transition from spring to neap tide, associated

with a decreased accessibility to intertidal food resources (Castellanos-galindo et al., 2010;

Krumme et al., 2008). The fact that rocky areas seem to be more variable in time than

sandy areas, might indicate that this shift of food resources is more important for rocky

reef �sh. Compared to sand, rocks typically provide more functions to di�erent species,

ranging from feeding opportunities to shelter (De Raedemaecker et al., 2010). Hence,

changing environmental conditions might be more important for �sh of rocky habitats.

The fact that spatial variability was larger between days than within days, is probably

the result of �sh displacement related to home ranging behavior. Although home range

size is highly dependent on the �sh species, it is likely to exceed the boundaries of the

sampling unit (Chateau and Wantiez, 2009). Hence, larger time spans between observations

make it more likely that �sh moved out of view. It should be noted that within each

day only 4 observations with a time di�erence of 1 hour between subsequent observations

were performed. Hence, assessing potential di�erences between morning and afternoon

without confounding for daily variability, was not possible. Therefore, although described

as important by Polunin and Klumpp (1989), the periodicity of feeding and/or behavioral

responses to water level changes could not be assessed to full extent.

Water conditions, temperature and to a lesser extent pH, seemed to correspond with a

small but signi�cant e�ect on the structure of the �sh assemblages. However, this e�ect

overlapped and could even be entirely accounted for by the the factor Date. It is therefore

questionable whether water conditions a�ect �sh assemblages at all at this �ne temporal

scale. Furthermore, temperature and pH showed a strong directional diel trend with only

limited daily variability, corroborating with the result of other studies (Kim et al., 2010).

This diel trend was absent for the structure of the �sh assemblages, suggesting that neither

temperature or pH are actual drivers behind the structure of �sh assemblages at this

temporal scale. On broader spatial and temporal scales, comprising kilometers and months,

environmental conditions were found important drivers of assemblage structure at islands

of the Tropical Eastern Paci�c (Zapata, 1997; Quimbayo et al., 2019).

Besides the repercussions for the understanding of reef �sh assemblages functioning, these

results are of major value for sampling design e�orts (Willis et al., 2006). For example,

in case within-site di�erences in physical habitats are extensive, the biological within-site

variability might be relatively large compared to the biological between-site variability. If

enough well-described sampling units are present within sites, the e�ect of the physical

habitat can be partialled out, providing much more power to test for di�erences in �sh
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assemblage structure between sites. Daily variability should not be partialled out as it is

a factor without a direct underlying cause-e�ect linkage to the �sh assemblage structure.

Daily variability is most likely caused by non-systematic �sh displacement, which is di�cult

to describe due to its stochastic nature (Bruneel et al., 2018). Nevertheless, while physical

habitat characteristics should be partialled out to improve the accuracy of model predictions

related to broad-scale processes, daily variability should be quanti�ed to provide some

measure of data uncertainty. Future studies can improve the integration of dispersal in

ecological models by combining video monitoring with rapidly advancing sampling techniques

providing direct spatiotemporal estimates of movement behavior, such as �ne-scale telemetry

(Becker et al., 2020; Lea et al., 2016).

To account for instantaneous (44 %), spatial (32.4 %) and daily (7.2 %) variability within

sites, multiple repeats, transects and days would be required respectively. Although random

transects might be treated as within-site repeats in case of spatial comparisons of sites,

temporal comparisons are likely to bene�t from the use of �xed transects as random e�ect

to deal with spatial heterogeneity (Irigoyen et al., 2013). Because of the unidirectional

nature of time, days cannot be \revisited". However, in case daily variability within the

study period (i.e. period of time required to monitor all sites) is found to be extensive, the

accuracy of both broad-scale spatial and temporal comparisons will bene�t from revisiting

sites at di�erent days. In this study instantaneous and spatial variability were found to

be more than four and three times as important as daily variability. Hence, repetitions to

account for the instantaneous variability and multiple transects to account for the spatial

heterogeneity should therefore be priority. Indeed, the highest gain in precision was obtained

from including more repeats and transects. In addition, the e�ect of including more repeats

on statistical power to detect di�erences between transects was almost three times stronger

than the e�ect of including more days to serve as random e�ect. To decide whether these

repeats should be taken within one day (i.e. only instantaneous variability) or comprise

multiple days (i.e. combination of instantaneous and daily variability), the gain in accuracy

of dividing sampling e�ort more evenly throughout the study period has to be evaluated

against the cost of revisiting sites over multiple days. For example, given the limited bene�t

in accuracy of including more days in combination with the large e�ect of number of days

on the actual sampling e�ort due to the travel time, it seems that for a study period of

one week, one or two days of monitoring per site would be optimal. Before deciding on

the distribution of the sampling e�ort, these logistic considerations should be taken into
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account as they will a�ect the actual sampling e�ort:

Actual sampling e�ort = nR � nT � nD � time per repeat+

(nR � 1) � nD � time between series of repeats+

nT � time to install transect+

nD � time to travel to site

(6.5)

6.5 Conclusion

Data collection is an intensive and costly investment, hence multi-scale assessments are

often di�cult to implement. However, when assessing broad-scale processes, researchers

need to have at least some knowledge of the required number and characteristics of sampling

units to account for �ne-scale variability, entailing both �ne-scale processes and random

noise. Additional partitioning of the �ne-scale variation and identi�cation of the underlying

processes might give researchers a better insight on how to distribute the sampling e�ort,

providing ecological meaning to statistical power and precision assessments.

Page 122



7

CHAPTER7

Selective tidal stream transport in silver European eel (Anguilla

anguilla L.) - Migration behavior in a dynamic estuary

7.1 Introduction

Besides its economic and cultural value (Hanel et al., 2019), European eel (Anguilla anguilla)

is also of ecological importance. They often account for a signi�cant proportion of the

�sh biomass and often form an important component of �sh communities (Solomon and

Ahmed, 2016). In the Zeeschelde for example, European eel is a signi�cant contributor to

�sh biomass (Fig. A.5.1.1). In addition, they are prey to many animals and are essential for

organic matter 
uxes between the sea and rivers (Solomon and Ahmed, 2016). European

eel is known to cover a distance of approximately 5000 km from European fresh waters

to the Sargasso Sea to spawn (Tesch, 2004). As eels do not feed during their migration,

they have to rely on their accumulated fat reserves (Righton et al., 2016). Therefore, it is

assumed that eels will aim to have as little energy expenditure per unit of distance covered

as possible. In rivers for example, eels have been found to migrate during peak discharges to

limit the energy expenditure by relying on the seaward current of water (Piper et al., 2015).

This chapter is based on: Verhelst P., Bruneel S., Reubens J., Coeck J., Goethals P., Oldoni D.,
Moens T., Mouton A. 2018. Selective tidal stream transport in silver European eel (Anguilla anguilla L.) {
Migration behaviour in a dynamic estuary. Estuarine, Coastal and Shelf Science 213, 260-268.
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Therefore, in an estuary with strong tidal forces, it would be expected that eels migrate

during ebbing by ascending in the water column and remain stationary during 
ooding, by

moving to the bottom to rest. This phenomena of selective tidal stream transport (STST)

has been described in di�erent other species including plaice, sole, cod and dog�sh (Arnold

and Cook, 1984), but its importance for the migration of European eel has not been assessed

in depth. Previous studies were characterized by small sample sizes (McCleave and Arnold,

1999) or broad spatiotemporal resolutions (Bultel et al., 2014), impeding proper assessment

of STST in European eel and yielding contrasting results. Hence, the aim of this study

was to assess whether European eel exhibits STST in the Scheldt Estuary and whether

its importance di�ers between upstream and downstream parts. Limitations of previous

studies were taken into account: Data of 100 tagged individuals were collected from a

passive telemetry network allowing a good, spatiotemporal resolution.

7.2 Material and methods

7.2.1 Study area

The Schelde Estuary is a well-mixed estuary of 160 km long without transversal man-made

migration barriers and characterized by strong tidal currents, high turbidity and a large

tidal amplitude up to 6 m (Cornet et al., 2016). The estuary can be divided in two regions

(upstream to downstream): the Zeeschelde, which spans 105 km from Ghent to Antwerp

(Belgium), and the Westerschelde, which covers the 55 km from Antwerp to the mouth of

the estuary at Vlissingen (The Netherlands). The width of the Zeeschelde varies between 50

to 1350 m while the width of the Westerschelde varies between 2000 and 8000 m (Fig. 7.1).

7.2.2 Tagging procedure

At the tidal weir in Merelbeke (Ghent), 100 eels were caught and subsequently internally

tagged with V13 (VEMCO Ltd., Canada) coded acoustic transmitters during late summer

and autumn (September{November) of three consecutive years (2015 till 2017). After

capture, surgery and recovery (Thorstad et al., 2013), �sh were released at the nearest

receiver. A more detailed description of the tagging procedure is provided in section A.5.2.
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Figure 7.1: The Schelde Estuary comprises the Zeeschelde (Ghent-Antwerp) and Westerschelde
(Antwerp-Vlissingen). Receivers are represented as yellow circles. The weir in Ghent where the eels
were caught and released is depicted as a red cross.

7.2.3 Acoustic network

Within the framework of the Belgian LifeWatch observatory, a permanent longitudinal

network of receivers (VR2W, VEMCO Ltd, Canada) has been deployed since the spring of

2014 in the Schelde Estuary (Reubens et al., 2019a). Currently, the network consists of

64 receivers. In the Westerschelde, 39 receivers are moored on marine navigational buoys,

which form three bands of receivers stretching from shore to shore (from east to west: ws1:

six receivers, average interdistance: 800 m; ws2: 21 receivers, average interdistance: 909 m

and ws3: 12 receivers, average interdistance: 1132 m) (Fig. 7.1). The hydrophones were

directed downward, as they were attached to a three-meter long chain with a weight at

the end for stability. In the Zeeschelde, 25 receivers are deployed from the river bank with

coated wire, a weight to keep the receiver �xed on the bottom, and a buoy to direct the

hydrophone upwards in the water column. The receivers in the ZS are on average 4969
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m apart. The exact detection range for the di�erent receivers in both the Westerschelde

and Zeeschelde was unknown, but ranges between 300 m and 1000 m. Results from the

network in the North Sea suggest that it is strongly dependent on current strength and

wave action and will therefore be characterized by a strong spatial and temporal variability

(Reubens et al., 2019b). Where the detection range was constrained by the current, an

ALS (Acoustic Listening Station) on each side of the ZS river bank was deployed. This was

done at the last four locations (s15, s16, s17 and s18) before the border of the ZS and WS.

Since in the WS receivers could only be attached to �xed navigational buoys, the distance

between receivers could not be reduced and therefore full coverage could not be guaranteed.

7.2.4 Data collection and processing

Of the 100 tagged eels, one was never detected and the latter 99 were tracked between 16th

September 2015 and 31th January 2018, resulting in a dataset with 302,824 detections. The

residency periods (i.e. the time between arrival and departure at a receiver) were calculated,

which allowed to reduce the data by accumulating the number of detections during a �xed

period of time. The delineation of these residency periods was based on three assumptions:

1) an absence threshold of one hour (i.e. the maximum time between detections within

a single residency period), 2) a detection threshold of one detection (i.e. the minimum

number of detections required for a residency period) and 3) a detection range of 1005 m

(i.e. detections at two receivers< 1005 m apart were assigned to one receiver since eels

passing receivers< 1005 m apart were detected at both receivers at the same time). As such,

the residency search resulted in detection intervals with arrival and departure times per eel

at each receiver. Between an arrival and departure within the same detection interval, the

number of detections and the residency period were calculated.

Not all eels migrated and those that did, migrated not always upon tagging. Therefore, an

eel was considered migratory when it traveled net> 20 km downstream during6 40 days.

Within that period, the records from the most upstream station till the most downstream

station (i.e. it occurred an eel aborted its migration and moved back upstream) were

selected. The 20 km threshold is based on the maximum range distance found for yellow

eels (i.e. 18 km) (Verhelst et al., 2018c) plus two times the one km detection range of an

ALS in the SE (i.e. the spatial error of the ALSs). The 40 days threshold is based on the

�nding that eels not migrating net > 20 km downstream during that period, arrested their

migration to proceed a next season. Indeed, applying the above assumption resulted in the

selection of two migration phases for three eels: they arrested their migration, subsequently
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moved back upstream near their catch location to resume two, ten and twelve months later,

respectively. For those three eels, only the second migration phase was taken into account

for analysis to avoid pseudo-replication. Data �ltering, based on residency periods and

migratory behaviour, resulted in the selection of 58 eels and a dataset of 104,737 detections

over the period of 16th September 2015 and 2nd January 2018. All were detected in the ZS

and 49 in the WS. Of the latter, 48 were detected at WS3, 36 at WS2 and 31 at WS1. The

average migration distance per eel was 131� 35.8 km (range: 24{156 km) and the average

tracking time was 39� 20.2 days (range: 3{89 days).

Tidal data of the Schelde Estuary was obtained for Belgium and The Netherlands from the

Hydraulic Information Centre (HIC) and Rijkswaterstaat (RWS) respectively. To account

for the distances between the locations of the receiver and of the tidal measuring stations,

a weighted average method was applied to estimate the precise moments of low and high

water at the receiver. The closest upstream and downstream tidal measuring stations were

assigned to each receiver. Based on the distances between these tidal stations and the

receiver, weights were assigned to both tidal stations. When tidal data at the concerned

upstream or downstream tidal station was absent or of low quality at the time interval of

interest, the next upstream or downstream tidal station was chosen.

7.2.5 Data analysis

Tidal migration

To analyze if eels use STST, the distance that the eels traveled during each tidal phase

(i.e. ebbing or 
ooding) was determined. Therefore, tidal movement intervals (TMIs) were

calculated as the distance travelled per tidal phase, where upstream migration was regarded

as a negative distance and downstream migration as a positive distance. Note that this

was not possible for every inter-receiver movement, due to the resolution of our acoustic

network. Movements occurring during di�erent tidal phases were removed from the dataset

as this data could not resolve if eels did or did not apply STST. This resulted in the removal

of 72,378 detections; consequently, the remaining dataset contained 32,259 detections. An

eel was considered using STST if they moved downstream during ebbing and showed no

movement during 
ooding. Therefore, the migration distances for ebbing and 
ooding were

calculated per individual eel for each TMI. Consequently, eels were classi�ed in two groups:

those that exclusively migrated downstream during ebbing TMIs and did not show any

movement during 
ooding TMIs (A) and those that showed movement, either upstream or
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downstream, during 
ooding TMIs as well (B). No ebbing TMIs with upstream migration

were found (Fig. 7.2). Group B was further divided in downstream migration occurrences

during ebbing (Be) and up- and downstream migration occurrences during 
ooding (Bf).

To compare migration distances of groups A, Be and Bf, a linear mixed e�ects model was

used (with transmitter ID as a random e�ect to account for autocorrelation), followed by a

Tukey test with Bonferroni-Holm correction for multiple comparisons (Zuur et al., 2009);

the nlme and multcomp R package were used for the linear mixed e�ects models.

To determine the probability with which upstream and downstream movement intervals

took place during either 
ooding or ebbing periods, logistic mixed models were constructed.

The models had the tide period (i.e. 
ooding or ebbing) as response, type of movement (i.e.

downstream or upstream) as predictor, and transmitter ID as random e�ect.

Migration speed

Migration speed was calculated in three di�erent ways. The �rst two methods consider

general migration speeds and used the dataset without TMI extraction (i.e. 104,737

detections). First, the general migration speed over the whole study area was calculated

as the time needed to cross the distance between the �rst and last detection. Second,

general migration speeds were calculated for the ZS and WS separately for three reasons:

(1) migration speeds may di�er between up- and downstream parts of the estuary (Bultel

et al., 2014), (2) the morphology of both systems di�er with the ZS being linear with a

main channel and the WS having multiple channels, gullies and sand bars, and (3) the

receiver networks in the ZS and WS each have a di�erent setup (single points relatively

close to each other vs distant arrays, respectively). The general migration speeds in the

ZS and WS were calculated as the time needed to cross the distance between the two

most distant receivers in each subarea. Because the data was not normally distributed, a

Kruskal-Wallis test was applied to test for a signi�cant di�erence in median migration speed

between the ZS and WS. Additionally, a Wilcoxon signed-rank test was applied to test

for paired (i.e. per eel) di�erences in migration speed between ZS and WS. 12 eels which

were only detected in the ZS and not in the WS were omitted for the Wilcoxon signed-rank

test. Finally, the tidal migration speed was calculated as the time needed to cross the

distances of the ebbing TMIs (i.e. group A and Be), again for the ZS and WS separately.

ebbing TMIs with a migration speed of 1.5 interquartile ranges (IQRs) above the third

quartile were considered outliers and removed from the data set. Practically, all TMIs with

a swimming speed higher than 1.88 m s� 1 were omitted from the analysis, resulting in a
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dataset of 27,297 detections. The outlier threshold was close to the maximum reported

migration speed of 1.93 m s� 1 (Verbiest et al., 2012). These outliers were likely due to the

design of the acoustic network accompanied with detection ranges up to 1 km. To test if

the tidal migration speed (during ebbing) di�ered between the subareas, a linear mixed

e�ects model was applied with transmitter ID as a random e�ect (Zuur et al., 2009); the

nlme R package was used (Pinheiro et al., 2019).

7.3 Results

7.3.1 Tidal migration

Of the 58 tracked migratory eels, 37 migrated exclusively downstream during ebbing (group

A) with an average (� SD) migration distance of 6590� 5283.7 m (range: 147{20877 m)

per ebbing interval. All of the remaining 21 (group B) showed both downstream migration

during ebbing (group Be) and up- and downstream migration during 
ooding (group Bf);

the downstream migration during ebbing of group Be was not signi�cantly di�erent from

that of group A: 9503� 5672.1 m (range: 341-22528 m) (p> 0.05). However, the distances

migrated during 
ooding of group Bf (-8860� 6098.0 m (range: -20069-2951 m)) did di�er

signi�cantly from the distances migrated during ebbing of group Be. It should be noted

that the comparison of groups Be and Bf is paired (i.e. comparisons within individuals),

which allows for much more statistical power to detect di�erences because of the strong

inter-eel di�erences. Indeed, the marginal R2 of the mixed model, which is the proportion of

the total variance explained by the �xed group factor, was only 0.019, while the conditional

R2, which is the proportion of the variance explained by both �xed and random factors (i.e.

eel ID), was 0.18. This underlines the importance of accounting for individual variation. If

the eels of group Be and Bf were considered as di�erent eels, the adjusted p-value increased

from 0.005 to 0.03. 10 out of 21 B-eels exhibited downstream migration during 
ooding.

Only 1 of these eels exhibited downstream migration during 
ooding in the ZS, while 9 of

these eels exhibited downstream migration during 
ooding in the WS (Table 7.1).

In case eels were observed migrating upstream there was, on average, a 100 % change

that the concerning movement interval took place during 
ooding (Table 7.2). It did not

matter whether the movement occurred in the ZS or WS. The probability that observed

downstream movement took place during 
ooding was dependent on whether it took place

in the ZS or WS. In the ZS, the chance that an observed downstream movement interval

took place during 
ooding was, on average, only 0.78 %. In the WS, the chance that an
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observed downstream movement interval took place during 
ooding was, on average, 16.44

%.

Table 7.1: Number of eels per area (ZS: Zeeschelde, WS: Westerschelde, ZS+WS: Scheldt Estuary)
with upstream (-) and downstream (+) Tidal Migration Intervals (TMIs) during 
ooding or ebbing.

Area
Flooding Ebbing

= + = +

ZS 10 1 0 58

WS 4 9 0 24

ZS+WS 13 10 0 58

Table 7.2: Estimated probabilities of observed downstream and upstream movement intervals taking
place during either 
ooding or ebbing. Logistic mixed models were used with the tide period (i.e.

ooding or ebbing) as response, type of movement (i.e. downstream (+) or upstream (-)) as
predictor, and transmitter ID as random e�ect. Mean probabilities and standard errors are provided.

ZS WS ZS+WS

Flooding
= 100.00 % (� 1.02*10� 14 %) 100.00 % (� 3.50*10� 21 %) 100.00 % (� 4.52*10� 21 %)

+ 0.78 % (� 0.78 %) 16.44 % (� 5.27 %) 2.16 % (� 0.27 %)

Ebbing
= 0.00 % (� 1.02*10� 14 %) 0.00 % (� 3.50*10� 21 %) 0.00 % (� 4.52*10� 21 %)

+ 99.22 % (� 0.78 %) 83.56 % (� 5.27 %) 97.84 % (� 0.27 %)

Migration speed

The average (� SD) general migration speed over the whole study area was 0.06� 0.07

m s� 1 (range: 0.01{0.43 m s� 1). Eels migrated on average eight times faster in the WS

compared to the ZS (KW-test: � 2 (1) = 70.07, p < 0.001; WSR-test:p < 0.001), with an

average migration speed of 0.42� 0.21 m s� 1 (range: 0.05{1.30 m s� 1) in the WS and 0.05

� 0.07 m s� 1 (range: 0.01{0.40 m·s� 1) in the ZS (Fig. 7.4). The average tidal migration

speed per eel did not di�er signi�cantly between the ZS (0.93� 0.20 m s� 1 (range: 0.58{1.42

m s� 1)) and WS (0.98� 0.33 m s� 1 (range: 0.27{1.64 m s� 1): linear mixed e�ects model,

df = 305, t-value = -0.50, p > 0.05).
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Figure 7.2: TMIs of all tagged eels depicted by the relative moment of departure (DEP) from a
receiver and the relative moment of arrival (ARR) at another receiver. The tidal migration speed (m
s� 1) during a TMI is given in function of the moment within the tidal cycle. In the Scheldt Estuary,
the period of ebbing is larger than the period of 
ooding, with di�erences being most pronounced
upstream. However, for visualization purposes the average period of 
ooding (330 minutes) and
period of ebbing (412 minutes) of the city of Antwerp (border ZS and WS) in 2012 were used to
rescale the TMIs (Levy et al., 2014). Three eels were not included in this visualization because
they had a disproportional large amount of TMIs (A69-1601-52644: 91 TMIs, A69-1601-52658:
69 TMIs and A69-1601-30368: 58 TMIs). In addition, TMIs with absolute tidal migration speeds
exceeding 2 m s� 1 were also not presented.
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Figure 7.3: Migration distances (positive downstream, negative upstream) per eel (Transmitter ID)
and group. Group A represents eels migrating solely during ebbing while eels of group B migrate
both during ebbing (group Be) and 
ooding (group Bf).

Figure 7.4: Boxplots representing the general (left) and tidal migration speed per eel (right) for the
Westerschelde (WS) and Zeeschelde (ZS). Numbers of eels taken into account are indicated above
the boxplots. Note that due to calculation of the tidal movement intervals and outlier removal, 22
eels were not taken into account to calculate tidal migration speed (n=24) in the WS compared to
the general migration speed (n=46).
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7.4 Discussion

7.4.1 Selective tidal stream transport

Although residencies were not explicitly accounted for in this study, the fact that almost

all movement intervals in the ZS occurred during ebbing1 suggests STST. In contrast, in

the WS there was no evidence for STST as eels moved downstream during both 
ooding

and ebbing. This could partially explain why the general migration speed was signi�cantly

larger in the WS than in the ZS, while the migration speed during ebbing in both the WS

and ZS was the same.

7.4.2 Limitations of the study

This study provided sound evidence for STST in European eel, because of a large sample size

(i.e. 58 migrating eels) and �ne spatiotemporal resolution (i.e. tidal phases). Nevertheless,

there remain some important limitations regarding the data collection, processing and

analysis of passive telemetry data. In this speci�c study for example, by removing movement

intervals that occurred during both ebbing and 
ooding and by aggregating the movement

intervals per eel and tidal phase, the number of movement intervals decreased from 1514

to 614. There was a general loss of information by aggregating data, but there was also

a biased loss of information by removing all intervals occurring during both ebbing and


ooding.

In the following two chapters case-speci�c limitations and limitations inherent to passive

telemetry will be discussed in depth and solutions in terms of data collection, processing

and analysis will be proposed. Passive acoustic telemetry is a well-established method

to assess movement of tagged individuals, but its ability to assess non-movement is often

based on a set of assumptions. In addition, the level of uncertainty associated with this

non-movement or resident behavior is often not accounted for. Therefore, in chapter 8 an

alternative method to quantify and reduce the uncertainty entailed by residency estimates is

discussed. In case these observations of resident behavior are integrated in passive acoustic

telemetry data sets, adapted modelling tools might be required to properly assess whether

there are any patterns. Therefore, in chapter 9 the potential of econometric statistical

models, initially intended to model human customer behavior, to deal with residencies in

passive acoustic telemetry data, is assessed.

1The chance that an observed downstream movement interval took place during ebbing was 99.22 %
(Table 7.2)
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CHAPTER8

Quantifying and reducing epistemic uncertainty of passive acoustic

telemetry data in a longitudinal aquatic system

8.1 Introduction

Ecologists require sound data on the whereabouts of animals to understand their spa-

tiotemporal movement behavior. To this end, telemetry techniques have already been used

for decades to study migration and territorial delineations in both terrestrial and aquatic

environments. GPS and ARGOS signals are widely used in terrestrial studies (Hebblewhite

and Haydon, 2010; Svoboda et al., 2013), but since these signals can only propagate through

air and not through water, their use for a direct determination of position in aquatic studies

is mainly limited to surfacing aquatic animals such as turtles and sharks (Fitzpatrick et al.,

2012). Acoustic telemetry o�ers a good alternative for aquatic environments, but actively

tracking animals with acoustic tags is labor intensive and cost ine�cient (Heupel et al.,

2006). Therefore, in most aquatic studies, passive acoustic telemetry networks of receivers

or acoustic listening stations are preferred (Hedger et al., 2008; Thorstad et al., 2013). The

main issue with these networks, however, is that animals need to move within the detection

This chapter is based on: Bruneel, S., Verhelst, P., Reubens, J., Baetens J., Coeck J., Moens, T.,
Goethals, P., 2020. Quantifying and reducing epistemic uncertainty of passive acoustic telemetry data from
longitudinal aquatic systems. ECOLOGICAL INFORMATICS.
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range of a receiver to be detected (Both et al., 2013). This can be solved by increasing

the number of receivers to arrive at a full coverage of the study area. Furthermore, if

detection ranges overlap it is even possible to obtain quite precise and accurate position

estimates through triangulation (Cooke et al., 2005). Nevertheless, keeping in mind the

limited detection ranges of receivers and the vast spatial extent of some study areas, such

networks are logistically challenging or even impossible in larger areas.

In large water bodies, position estimates are generally short-term areas of activity rather

than point estimates. If a tagged animal is detected at a receiver or small group of receivers

with overlapping detection ranges, it is present within the detection range of the receiver(s)

(Kessel et al., 2014). Practically, if the time between successive detections at the same

receiver(s) is smaller than a user-de�ned absence threshold, the tagged animal is considered

to be resident in a short-term area of activity around the receiver(s) during that time

(Capello et al., 2015). This residency is dependent on the absence threshold, the time

between detections and the detection number or the \activity" of the tag. If tagged animals

move regularly between receivers, scattered throughout the study area, without being

detected, outcomes from this approach may be questionable. Furthermore, the estimated

residencies at receivers cannot be well de�ned spatially nor temporally because of the

variable and unknown detection range, the time lags between transmissions of tags and the

random movement of tagged �sh. Hence, the uncertainty on these residencies-at-receivers

cannot be assessed properly. (Capello et al., 2015; Ohta and Kakuma, 2005; Topping and

Szedlmayer, 2011).

To deal with this, one could group nearby receivers into a single gate that tagged animals

need to pass in order to leave the concerned study area (Heupel et al., 2006; Hobday and

Pincock, 2011; Kraus et al., 2018; Steckenreuter et al., 2017). The detections at the di�erent

gates serve as boundary conditions to determine the position of the tagged animals between

these gates (i.e. residency-between-receivers). Vital to this approach is a correct assessment

of the detection probability (Hobday and Pincock, 2011); if tagged animals are able to pass

gates without being detected, assuming that a tagged animal resides between two gates of

receivers may be questionable and determining the residencies at receivers may be the only

viable option. Therefore, in wide open waters, using gates of receivers may be impractical,

but in longitudinal systems such as rivers and even estuaries, their use is typically more

appropriate (Dwyer et al., 2019; Heupel et al., 2006; Kraus et al., 2018; Steckenreuter et al.,

2017).

In this study we describe how the use of gates allows the quanti�cation of epistemic
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uncertainty and network e�ciency in rivers and estuaries without the need for receivers to

cover the entire study area. Epistemic or systematic uncertainty is de�ned as the uncertainty

arising from the inability of exactly point locating tagged �sh and is therefore associated

with a lack of knowledge (it should not be confused with aleatoric or statistical uncertainty

which entails the detection probability of gates and stochasticity of animal behavior (Fox

and Ulkumen, 2011)). For this approach, rather than considering point estimates, �sh are

assumed to be present in the area between two or more gates. We assessed how gate network

resolution, the number of sections between gates of which the residency is determined, has

an e�ect on the involved epistemic uncertainty. It is important to note that lowering the

gate network resolution does not imply that a gate has been omitted from the analysis.

By reducing the number of sections, some gates may not function as a boundary for a

section anymore, but their detections are still used to validate the position estimates and

as such reduce the epistemic uncertainty. Actual omission of a gate from the network

may, however, be necessary at some point to reduce costs (Brownscombe et al., 2019).

The suggested approach allowed to determine which gate should be removed to have the

lowest possible increase in epistemic uncertainty. We analyzed telemetry data of migrating

eel (Anguilla anguilla), a catadromous �sh known to migrate along the Scheldt estuary

towards the North Sea, using both the between-receivers and at-receivers approach. Given

the practical limitations entailing gates of receivers, we assessed whether the at-receivers

approach provides an acceptable alternative. We also conducted a smaller study of 
ounder

(Platichthys 
esus) carrying a di�erent type of acoustic tag to assess whether a species

and/or tag speci�c evaluation is necessary (Dance et al., 2016). Finally, as the main aim

of this study was to assess epistemic uncertainty, the statistical uncertainty, which is the

result of imperfect detectability, was not integrated in the uncertainty estimates described

in this study. However, as integration of both epistemic and statistical uncertainty is a vital

next step in the uncertainty quanti�cation of passive acoustic telemetry data, we discuss

some potential approaches to support future studies.

8.2 Materials and methods

8.2.1 Study area, tagging procedure and acoustic network

To compare uncertainty estimates of di�erent eels over similar trajectories, only eel that

started their migration from Ghent and reached Antwerp were retained for analysis. Hence,

38 of the 58 migrating eel described in chapter 7, were selected. We additionally tagged
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Glossary

Epistemic uncertainty Epistemic uncertainty is de�ned as the uncertainty
arising from the inability of exactly point locating
tagged animals. It is quanti�ed as the range of the
residency-between-receivers intervals.

Gate Series of receivers that delineate an area. Tagged
animals need to pass these gates to leave the area.

Gate network resolution Number of sections between gates of which the
residencies-between-receivers are determined.

Residency-between-receiversDuration over which a tagged animal is considered to be
present in the area between two gates.

Residency-at-receivers Duration over which a tagged animal is considered to be
present in a speci�c short-term area of activity around a
gate.

Statistical uncertainty Statistical uncertainty is de�ned as the sampling
variability caused by the inherently irreducible
stochasticity of detectability and animal movement.

Figure 8.1: The Schelde Estuary comprises the Zeeschelde (Ghent-Antwerp) and Westerschelde
(Antwerp-Vlissingen). Receivers are represented as orange circles. The gates are indicated as labels
for di�erent groups of receivers. The weir in Ghent and the weir in Mechelen where the eels and

ounders were caught and released are depicted as red crosses.
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four 
ounders at the weir in Mechelen of the Dijle river, a tributary of the Scheldt estuary

via the Rupel (Fig. 8.1), with external V7 tags to assess whether the detection probability

of the network is tag type and/or species speci�c1. Since the factors species and tag type

were confounded, it was not possible to determine which factor was responsible for observed

di�erences.

The 64 receivers of the network were combined into 21 gates. The three bands of receivers

in the Westerschelde were used as three separate gates. The 25 receivers in the ZS were

combined in 18 gates. At four locations (s15, s16, s17 and s18) each gate consisted of two

receivers, to account for potential gaps in the detection range coverage. Because the actual

detection range was unknown, its e�ect on the uncertainty could not be assessed in this

study. Anyhow, because of the large distance between the gates, it is expected that the

e�ect of the detection range is negligible. In addition, knowledge regarding the magnitude

and variability of the detection range could afterwards easily be integrated in the suggested

approach.

A more detailed description of the study area, tagging procedure and acoustic network is

provided in chapter 7.

8.2.2 Data processing and analysis

Detection probability

The detection probability was estimated using the conditional nature of �sh movement

throughout the system (Brownscombe et al., 2019). Since there are no other pathways

to the North Sea, tagged �sh have to pass the di�erent gates in a well-de�ned order and

detection probability can be de�ned as the probability of detecting a tag moving past a

speci�c gate (Melnychuk, 2012; Perry et al., 2012). The estimated detection probability

was adjusted for any malfunctioning receivers or receivers that were installed later. Since

the width of the Zeeschelde at the di�erent gates is on average 236 meter and the detection

range lies between 300 and 1000 meter, it is expected that the receivers will provide good

coverage from shore to shore. However, in the Westerschelde, where the distance between

the receivers of a single gate is on average 960 meter, it is expected that the coverage will

be considerably less. We assumed that tagged �sh only reach the North Sea when they are

1For 
ounder, external tags have been found most appropriate because of the simplicity of the technique
and the fewer negative e�ects upon the �sh compared to internal tags (Neves et al., 2018). For eel, internal
tags have been found most appropriate as they are less harmful and do not interfere with the burrowing
behavior of the species (Nielsen, 1988)
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detected a the last gate or at the network of the North Sea. The network in the North Sea,

which consists of 27 receivers scattered over a surface of 3,454 km2, provided detections

for six out of the 38 eels. Three of them were detected at the last gate too, but the other

three were able to pass the last and second last gate undetected. The average detection

probabilities in the Zeeschelde and Westerschelde were 97.0 % (SE = 1.5 %) and 62.5 %

(SE = 18.6 %) respectively while the overall average detection probability was 95.5 % (SE

= 4.1 %). An estimate of the detection probability under the assumption that tagged �sh

reach the North Sea either way, even when they are not detected at any of the last three

gates, is given in A.6.2.1.

Residencies-at-receivers and residencies-between-receivers

The main di�erence between the at-receivers and between-receivers approach, is the way

in which detections are grouped in detection groups. For the at-receivers approach, all

successive detections at one gate with a time lapse between them smaller than the absence

threshold, are grouped. The summed time lapses of all these detection groups for one

gate yield the residency at that speci�c gate of receivers (i.e. residency-at-receivers). For

the between-receivers approach, the time lapse between the detections is of no interest

to group the detections. The main di�erence between the detection groups is whether

the detections occurred at one gate or at two di�erent gates (Fig. 8.2). If two successive

detections occur at di�erent gates, these detections are grouped in pairs. It does not matter

whether these gates are neighboring (type 1A) or not (type 1B). The time lapse between

these detections indicates the duration that the tagged animal spent between the two

gates. If successive detections occur at the same gate, those are grouped as well. Such a

detection group resembles those estimated for the at-receivers approach, but with an in�nite

absence threshold. The time lapse between these detections indicates the duration that

the tagged animal spent between the active gates (given that their detection probability

is acceptable) neighboring the gate of interest as we do not know at which side of the

latter the �sh is located. The summed time lapses of all these detection groups for the

area between two gates yield the residency between those speci�c gates of receivers (i.e.

residency-between-receivers).

Since some detection groups overlap in space and may contain multiple gates, tagged animals

cannot always be positioned with certainty between two neighboring gates at a speci�c

moment in time. Instead they may be positioned with certainty between non-neighboring

gates which are located further apart. Therefore a speci�c residency-between-receivers will
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Figure 8.2: Distinction between the di�erent types of detection groups. Three di�erent gates I, II
and III (black points) with their corresponding detection ranges (dotted circles) are visualized in a
river stretch. A cross depicts a detection at the concerning gate. In A, detection group type 1A is
depicted. It consists of a pair of subsequent detections at two di�erent neighboring gates. In B,
detection group type 1B is depicted. It consists of a pair of subsequent detections at two di�erent
non-neighboring gates. In C, detection group type 2 is depicted. It consists of a group of at least
two subsequent detections at one gate.

often not be estimated exactly, but will fall within an interval of possible values. The range

of this interval is referred to as the epistemic uncertainty. A more practical example is

given in A.6.1. As the main aim of this study was to assess epistemic uncertainty, the

statistical uncertainty arising from detection probabilities lower than 100 % in combination

with stochastic animal movement was not integrated in the uncertainty estimates described

in this study.

The residencies-between-receivers were divided by the distance between the gates for two

reasons. First, as a means of normalization. Second, to allow for a comparison with

Page 141



Quantifying and reducing epistemic uncertainty of passive acoustic telemetry data in a longitudinal
aquatic system

8

the residencies-at-receivers, since the residencies-at-receivers are actually the estimated

durations within a short-term activity area. The actual surface of the short-term activity

area cannot be quanti�ed as it is dependent on both the detection range and the absence

threshold, but it may be considered constant if the detection range and absence threshold

are assumed to be linearly related to the short-term activity area.

To determine the trade-o� between gate network resolution, or the percentage of sections

between gates included, and epistemic uncertainty, all di�erent combinations of sections

bordered by gates were assessed. For every gate network resolution, di�erent combinations

could be constructed. For every �sh and every gate network resolution the combination

with the lowest average epistemic uncertainty was retained. A more elaborate example of

the methodology is provided in A.6.1. A linear mixed e�ects model with log-transformed

epistemic uncertainty as response, gate network resolution as �xed e�ect and eel as random

e�ect was constructed. A similar approach of evaluating epistemic uncertainty against

gate network resolution was used to evaluate the e�ect of omitting speci�c gates from the

network entirely (A.6.4).

Comparison of the at-receivers and between-receivers approach

Although the at-receivers approach and between-receivers approach are conceptually dif-

ferent, their relative results should be comparable. Both approaches are used to estimate

the duration that tagged �sh spend in speci�c areas. To this end, for each residency at a

speci�c gate the corresponding residency-between-receivers was determined as the duration

per unit of distance between the two neighboring gates of the gate at stake. At �rst glance

there might seem to be a mismatch in the units used for the residencies-between-receivers

(hours per 100 meter) and residencies-at-receivers (hours). However, as mentioned earlier, a

residency-at-receivers is actually the duration that a tagged �sh spent in an unknown but

presumedly constant short-term area of activity. Rather than selecting an arbitrary value

for this area, we have chosen to underline this limitation by not doing so. The detection

range could be a good proxy for the short-term area of activity, but because of its earlier

mentioned variable nature in the study area it was not included in this study.

Because of the spatial overlap of the detection groups, the actual value of a residency-

between-receivers cannot always be determined exactly. Instead an interval of possible

values, i.e. epistemic uncertainty, is determined. Because the nature of the probability

distribution of the intervals was considered unknown, Monte Carlo permutations were used

to compare the residency-between-receivers intervals with the corresponding residencies-
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at-receivers, which could be estimated exactly. 106 repeats for each absence threshold,

ranging from 0 to 100 hours in steps of one hour, were used to randomly select values

from each residency-between-receivers interval. Pearson's correlation coe�cients (r ) of each

simulation were determined. R statistical software (R Core Team, 2019) was used.

8.3 Results

8.3.1 Residencies-between-receivers

The trade-o� between epistemic uncertainty and gate network resolution of di�erent gate

combinations of di�erent tagged eels is depicted in Fig. 8.3. The output of the linear mixed

e�ects model con�rms a signi�cant positive e�ect of reducing the gate network resolution

on the epistemic uncertainty (Table 8.1). The logarithmic relationship between uncertainty

and resolution illustrates that a small reduction in resolution can have a large positive e�ect

on the uncertainty.

Figure 8.3: Trade-o� between normalized epistemic uncertainty (vertical axis) and gate network
resolution (horizontal axis). Epistemic uncertainty was normalized for visualization purposes. In
(A) this trade-o� is given for all tagged eel separately, while in (B) the average (gray; triangle)
and median (black; circle) trade-o�s are visualized. The 95% con�dence interval of the average
trade-o� is visualized as a gray envelope.
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Table 8.1: Output of the �xed e�ects of the linear mixed e�ects model with log-transformed epistemic
uncertainty as response, gate network resolution as �xed e�ect and eel as random e�ect. The
values, standard errors (SE), degrees of freedom (df), t-values and p-values are given.

Fixed e�ect Estimate SE df t-value p-value

Intercept -10.122 0.146 636 -69.356 0

Resolution 0.123 0.001 636 113.643 0

On average, combining two sections, which coincides in our setting with a reduction in gate

network resolution of 5 %, leads to an average decrease in epistemic uncertainty of 47 %.

Reducing the gate network resolution by 10, 15 and 20 % leads to an average reduction in

epistemic uncertainty of 72, 84 and 90 % respectively. The optimal combination of sections

for a speci�c gate network resolution di�ered between tagged eels. Therefore, one tagged

eel was randomly selected to illustrate the principle of combining sections in an optimal

way (Figs 8.4 and A.6.1.1). In appendix, more examples for di�erent eels are given (Figs

A.6.3.3 and A.6.3.4) and a suggestion is provided on how to obtain an overview of the entire

population (Fig. A.6.4.1). In Fig. 8.5, the principle of combining sections in an optimal

way is given for one out of four randomly selected 
ounders.

The linear mixed e�ects model revealed a signi�cant negative e�ect on the epistemic

uncertainty of omitting a gate from the analysis (p< 0.05) (Table A.6.2.4 and Fig. A.6.3.1).

Post-hoc tests with Bonferroni correction revealed that the removal of Gates ws2, ws1, s4

and s12 lead to a signi�cantly higher epistemic uncertainty than the removal of Gates s10

and s11.

8.3.2 Comparison of the at-receivers and between-receivers ap-

proach

The linear correlation between residencies-at-receivers and corresponding residencies-

between-receivers was weak with Pearson's correlation coe�cient ranging from 0.33 to 0.45.

The absence threshold did not have a meaningful e�ect on this, although the correlation

seemed to improve slightly with increasing absence threshold. This is probably because

the residencies-at-receivers became more similar to the type 2 detection groups of the

between-receivers approach (Figure A.6.3.2). After 70 hours this trend stabilized because

eel did not spend more than 70 hours between two gates.

Maps of the estimated residencies-at-receivers (absence threshold of 70 hours) of tagged eel

\A69-1601-52622" were constructed (Fig. 8.6 (A)) to visually compare with the outcomes of
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Figure 8.4: Residency-between-receivers (hours/100m) in function of distance from Ghent (km).
Combinations of sections bordered by gates for eel \A69-1601-52622" with di�erent levels of gate
network resolution and di�erent levels of average epistemic uncertainty are depicted. The range
between the minimum and maximum value of the residencies-between-receivers, i.e. the epistemic
uncertainty, is represented by the height of the boxes.

the section combinations of the concerning tagged eel using the between-receivers approach.

In Fig. 8.6 (B) and Fig. 8.6 (C), respectively, the minimum and maximum values of the

residency-between-receivers intervals of a combination with a gate network resolution of 100

% are visualized. A large di�erence between the minimum and maximum value corresponds

with a high epistemic uncertainty. The epistemic uncertainty reduces signi�cantly (p< 0.05;

Table 8.1) when lowering the gate network resolution by 25 % as can be seen in Fig. 8.6

(D) and Fig. 8.6 (E).
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Figure 8.5: Residency-between-receivers (hours/100m) in function of distance from Ghent (km).
Combinations of sections bordered by gates for 
ounder \A69-1601-34454" with di�erent levels
of gate network resolution and di�erent levels of average epistemic uncertainty are depicted. The
range between the minimum and maximum value of the residencies-between-receivers, i.e. the
epistemic uncertainty, is represented by the height of the boxes.

8.4 Discussion

8.4.1 Assessment of a passive acoustic telemetry network

The success of this approach to determine the approximate position of tagged individuals

at any time and to assess the epistemic uncertainty, strongly depends on the detection

probability (Heupel et al., 2006; Melnychuk, 2012; Reubens et al., 2019b). If tagged �sh

are able to pass certain gates without being detected, uncertainty may actually be higher

than estimated, because gates are assumed to have a perfect detection probability. Gates

with low detection probabilities should therefore be treated with care. Although Gate ws3

had a low detection probability (45.16 %), it was still considered as a valuable gate since

the long stretch of the Westerschelde has only a limited number of gates.

Since maintaining networks is expensive and network assessment methods are limited, a
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Figure 8.6: These maps visualize the residencies in the network of the Schelde Estuary of one
tagged eel \A69-1601-52622". Gates are represented as nodes and the sections between the gates
are represented as lines. In (A) the estimated residencies-at-receivers (absence threshold of 70
hours) are depicted. In (B) and (C) the estimated minimum and maximum, respectively, of the
residency-between-receivers intervals are visualized. This combination of sections bordered by gates
has an average epistemic uncertainty of 1.1367 hours/100 meter and a gate network resolution of
100 % (Fig. 8.4). Figures (D) and (E) also represent the minimum and maximum, respectively, of
the residency-between-receivers intervals. This combination has an average epistemic uncertainty of
0.1647 hours/100 meter and a gate network resolution of 75 % (Fig. 8.4).

standardized approach to optimize the telemetry network is invaluable (Kraus et al., 2018;

Steckenreuter et al., 2017). In this study it turned out that the simulated removal of any

gate had a signi�cant e�ect on the epistemic uncertainty. When omitting a gate from the

network, the epistemic uncertainty increases (Figure A.6.3.1). The stronger this increase,

the more important the gate. The removal of Gates ws2, ws1 and s12 had a bigger impact

on the epistemic uncertainty than the removal of Gates s10 and s11. This is probably

because of the low detection probabilities of the surrounding gates of Gates ws2, ws1 and

s12 which contribute to more spatially overlapping detection groups, invoking higher levels

of epistemic uncertainty. When selecting a gate for removal one should also take into

account other aspects besides epistemic uncertainty such as the detection probability itself

and the coverage of potentially interesting river stretches. For example, removing Gates
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ws2 and ws1 might not be the preferred option in terms of epistemic uncertainty, but it

could be in terms of detection probability and required number of receivers (see further).

In case the detection probability is relatively low, epistemic uncertainty can be very high

(Melnychuk, 2012). This was for example the case for 
ounder (Fig. 8.5) where average

detection probability was only 39.17 % (Table A.6.2.2) and average epistemic uncertainty was

2:43� 2.73 (SD) while for eel this was 90.71 % and 0:99� 0.70 (SD) respectively. Although

the number of studied 
ounder individuals was limited, the low detection probability of


ounder compared to eel, indicates that a species and/or tag-type speci�c assessment of the

network is necessary to optimally process the data. To improve the detection probability

more receivers could be positioned more closely to one another, higher power tags could

be used, or the intervals between tag pulses could be reduced (Clements et al., 2005). For

example, three out of the 38 tagged eels had a tag with a lower power output and two of

them had the lowest and second lowest detection probability respectively (Table A.6.2.3).

8.4.2 Residencies-between-receivers

To this day, telemetry studies focusing on the epistemic uncertainty of position estimates

in aquatic environments have been few (Pedersen and Weng, 2013; Roy and Le Pichon,

2017; Steckenreuter et al., 2017). However, to locate migration barriers and home ranges,

researchers need to be aware of the time animals spend on and between locations and to do

so they require sound statistical methods, which are able to quantify the uncertainty tied

up with imperfect data. The estimated residencies-between-receivers allow to assess the

time that each �sh spends within every combination of sections bordered by gates. The

large range of a residency-between-receivers interval indicated a large uncertainty regarding

the real time spent between gates. Combinations with a lower gate network resolution, had

a signi�cantly lower average uncertainty (Figure 8.3). Reducing the gate network resolution

from 100 to 80 % decreased the average epistemic uncertainty from 100 to 10 %. The

reason for this is twofold. First, the reduction in gate network resolution resulted in more

gates being within the di�erent sections. These gates did not serve as detection borders to

allocate position estimates to a speci�c section, but validated the position estimates within

di�erent sections. Second, combining the sections was not done haphazardly. For each unit

decrease of gate network resolution, the combination with the lowest uncertainty and lowest

amount of overlapping detection groups was retained.

When researchers decide to reduce epistemic uncertainty at the cost of the gate network

resolution, results will be less conclusive, but more reliable. Therefore, combinations with
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high gate network resolutions may be faced with too high an epistemic uncertainty to

make sound conclusions, compared to combinations with lower gate network resolutions

(Figure 8.6). The optimal trade-o� is context dependent and di�erent criteria in addition

to epistemic uncertainty and gate network resolution should be considered to arrive at the

most suitable combination. For example, users could choose to penalize gate combinations

with a high epistemic uncertainty in speci�c areas and/or during speci�c periods, they could

choose to improve the gate network resolution locally to better �t the research objectives

or they could integrate the distance between gates and the detection probability in the

selection process of section combinations.

8.4.3 Comparison of the at-receivers and between-receivers ap-

proach

In passive acoustic telemetry studies, networks rarely have a full coverage, tagged animals

are not located continuously and researchers need to predict where the animals reside

while not being detected (Hedger et al., 2008; Heupel et al., 2006; Trancart et al., 2017).

Currently used data processing methods based on residencies-at-receivers are strongly

dependent on biological assumptions; if tagged �sh are repeatedly detected within a time

span below the absence threshold, they are presumed to reside in the area of the concerned

receiver (Vokoun, 2003). Since the aim of most telemetry studies is to describe yet unknown

biological features (Hussey et al., 2015) and given the unpredictable nature of wildlife,

making biological assumptions might be ambiguous. To predict the position of tagged

animals, the between-receivers approach depends more strongly on the characteristics of

the network, rather than on the characteristics of the animals themselves. As mentioned in

Section 8.4.1, detection probability is key to successfully implement this approach. Hence,

for large open areas, such as seas, where a large number of receivers is required to serve

as gate, this method is less suitable (Hobday and Pincock, 2011). For example, in the

Westerschelde, which is between 2000 and 8000 m wide, on average 13 receivers per gate

yield a detection probability of only 63.78 %. In contrast, in the Zeeschelde, which is

between 50 and 1350 m wide, on average 1.28 receivers per gate yield a detection probability

of 96.61 %.

The residencies-at-receivers obtained through absence thresholds turned out to be only

poorly correlated (Pearson'sr ranging from 0.33 to 0.45) to the residencies-between-receivers

(Fig. A.6.3.2 and Fig. 8.6). In addition, the e�ect of the absence threshold itself turned out

to be negligible. Therefore, the inability of the residencies-at-receivers to serve as a proxy
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for the time spent within a certain section, in combination with the lacking quanti�cation

of the epistemic uncertainty, underline the importance of the proposed approach based on

gates. The preference for the between-receivers approach over the at-receivers approach in

longitudinal aquatic systems may be intuitive, but the ability to quantify its added value

can support researchers to decide on the design of their telemetry network.

8.4.4 Suggestions to integrate both epistemic and statistical un-

certainty

Since the main aim of this study was to quantify and reduce epistemic uncertainty, statistical

uncertainty, which is the result of imperfect detectability, was not considered. However, in

case detection probabilities are low, statistical uncertainty could be an important aspect

to account for and methods that allow to integrate both types of uncertainty would be

useful. Epistemic uncertainty is de�ned by a lack of knowledge and can therefore be reduced

either by improving our understanding, e.g. more exact position estimates, or by balancing

knowledge requirements, e.g. trade-o� between spatial resolution and estimates of residency

periods. Statistical uncertainty on the other hand is the sampling variability caused by

the inherently irreducible stochasticity of detectability and animal movement (Fox and

Ulkumen, 2011). Unlike epistemic uncertainty, for which only interval approximations can

be determined, the statistical uncertainty can be described by probability distributions

using traditional probabilistic methods (Eldred, 2009). As stochasticity is irreducible, the

sampling variability or statistical uncertainty would not be reduced by the reduction of

spatial resolution in the same way as the epistemic uncertainty. Instead, the rearrangement

of gate sections would alter the gates serving as border to sections, a�ecting the detection

probability of the network and as such statistical uncertainty To quantify and potentially

reduce the combined epistemic and statistical uncertainty, a second-probability analysis

could be used (Sundgren and Karlsson, 2013). In practice, an additional nested iteration

would be added to the optimization scheme, with multiple sets of epistemic uncertainty

values (outer-loop) yielding an equal amount of cumulative distribution functions (CDFs)

based on the statistical uncertainty (inner-loop) (Eldred, 2009). The bounds of this

collection of CDFs at di�erent probability levels (e.g. 2.5 % and 97.5 % for a 95% CI) can

be calculated and used as a combined measure of uncertainty (Eldred, 2009). In addition,

to account for the spatiotemporal variability of the detection probability and resulting

statistical uncertainty, environmental measurements and detection-range tests could be used

to develop models describing the relationship between environmental conditions, detection
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range and detection probability (Mathies et al., 2014; Reubens et al., 2019b). In turn, the

uncertainty of this detection range model would need to be accounted for in the uncertainty

propagation. It should be noted that, because of the additional iterations, the suggested

individual-based optimization scheme for mixed uncertainty estimates and spatial re-scaling

will become computationally much more expensive (Eldred, 2009). Therefore, future studies

should also focus on the assessment of di�erent optimization schemes by comparing di�erent

stochastic expansion and interval optimization methods (Han and Hosder, 2014; Terejanu

et al., 2010).

8.5 Conclusion

Although passive acoustic telemetry allows one to obtain extensive data sets of multiple

individuals, di�erent sources of temporal and spatial uncertainty are present. Being

aware of the epistemic uncertainty of telemetry data and the practical limitations of

telemetry networks is paramount to allow optimal use. This novel approach based on

gates may introduce new challenges to interpret the data correctly, but has two major

advantages. Epistemic uncertainty of acoustic telemetry networks can be quanti�ed and

reduced at the cost of some spatial information by using gates as validation centers rather

than geographical boundaries to residency estimates. The currently used data processing

methods are undoubtedly useful in large open areas, but in one-dimensional river stretches a

less ambiguous approach should be used whenever possible. Although this study was limited

to just one river stretch, the method can be easily extended to other networks of longitudinal

aquatic systems. The method could be extrapolated to other telemetry techniques such as

radio, PIT or NEDAP Trail telemetry. The R code, subset of data and documentation are

available on Mendeley Data:http://dx.doi.org/10.17632/8b4m7b3jnc.1
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CHAPTER9

Combining disciplines: dealing with observed and cryptic animal

residencies in passive telemetry data by applying econometric

decision-making models

9.1 Introduction

Zero values are often encountered in ecological count data where they typically represent

absences. However, zeros may have di�erent meanings as they may arise from real absences

due to habitat unsuitability, or from false absences due to observer and design errors

(Blasco-Moreno et al., 2019). Similarly, in telemetry studies, data-sets can be heavily

zero-in
ated if moments of non-detection are considered as zeros (Brownscombe et al., 2019;

Whoriskey et al., 2019), with the meaningfulness of these zeros being strongly dependent

on the network design (Bruneel et al., 2020). Since the objective of many telemetry studies

is to describe movement behaviour of animals, zero values could be used as an indication of

non-movement or residency. However, accounting for resident behavior, represented as zero

values in telemetry data, might require adapted models. Therefore, the aim of this study is

to evaluate currently used models and to assess the potential of alternative models to deal

This chapter is based on: Bruneel, S., Verhelst, P., Reubens, J., Luca S., Coeck J., Moens, T., Goethals,
P., 2020. Combining disciplines: dealing with observed and cryptic animal residencies in passive telemetry
data by applying econometric decision-making models. Ecological Modelling (in press).
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with such data.

A good network design is key to de�ne zero values. In estuarine and riverine acoustic

networks with good detection probabilities, gates may act as gates that tagged animals need

to pass to leave a speci�c area (Kraus et al., 2018; Steckenreuter et al., 2017). Therefore,

animals which remain undetected could still be positioned within a zone of the study area,

i.e. between two gates, allowing periods of non-detection to be considered as residencies

between detections (Bruneel et al., 2020).

However, the speci�c animal behaviour between detections remains often entirely unknown,

unless some expert-knowledge, such as typical swimming speed and spawning period, is

integrated. For example, a �sh known to migrate during a certain period would be expected

to perform highly unidirectional movement behavior and unexpected travel delays would

be an indirect indication of resident behavior between detections. Since these residencies

between detections cannot be observed directly, they are referred to as cryptic residencies.

Zero-in
ated data sets often require adapted statistical tools. Depending on the nature

of zeros, di�erent statistical ecological models have been suggested. If both false and true

zeros are likely to be present, zero in
ated models are typically used, while hurdle models

are used when there are only true zeros (Zuur et al., 2009). More speci�cally, hurdle models

assume that two processes result in two distinct signals, i.e. zero versus not zero, while

zero-in
ated models assume that both processes can yield zero values. For example, in case

detection probabilities are low, individual �sh not being detected might actually be present,

yielding false zeros in addition to structural zeros. In such a case, zero-in
ated models

would be most appropriate. Within the �eld of ecology, zero-in
ated and hurdle models are

typically used for modelling count data in
ated with observed absences (Blasco-Moreno

et al., 2019; Joseph et al., 2009; Zuur et al., 2009). Although continuous and proportional

ecological data sets are omnipresent, model equivalents for these types of data are not often

used. However, for continuous ecological data, such as �sh swimming speed, models with a

similar approach but di�erent underlying distribution could be useful (i.e. while for count

data, Poisson or negative binomial distributions are typically used, Gaussian or Gamma

distributions would be more appropriate for continuous data). In econometric studies for

example, the continuous equivalents of hurdle models, known as two-part models, have

already been used frequently (Deb and Holmes, 2002; Farewell et al., 2017).

Excess zeros are often considered a nuisance as they typically require more complex models

with more parameters to be de�ned (Warton, 2005). However, explicitly accounting for

zero-values may be useful as they may represent a unique signal of an unconsidered process.
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For example, in econometrics, two-part models have been widely used to study customer

behaviour (Neelon et al., 2016; Pohlmeier and Ulrich, 1995). A customer might decide to

purchase a product (Will I buy this?), but after that decision he/she would also need to

decide on the quantity of the product (How much of it will I buy?). The conditions that

drive the customer to purchase may be di�erent from those driving the level of consumption.

Hence, accounting for each process separately may be necessary to understand customer

behavior.

Similarly, the factors that trigger �sh movement, i.e. the movement decision, may be

di�erent from the factors determining the distance or speed with which the �sh moves, i.e.

the movement intensity. Hence, accounting for movement decision and intensity separately

may also be necessary to understand �sh movement behavior. Therefore, the aim of this

study was to assess the added value for predictions and the implications for ecological

knowledge of distinguishing between both processes of �sh movement behavior. More

speci�cally, we compared the predictive performance and inferred ecological knowledge

of one-part and two-part models describing the movement behaviour of migrating eel

(Anguilla anguilla L.) in the Scheldt Estuary. In addition, to assess whether a further

compartmentalization (e.g. distinction between upstream and downstream movement)

would provide added value, di�erent three-part models were constructed and compared

with the one-part and two-part models.

Given the increasing data availability and complexity entailed by the exponential increase of

possible associations among predictors, machine learning is gaining ground among movement

ecologists because of its high predictive performance and alleged ease of use (Joseph et al.,

2017; Wang, 2019). However, although machine learning is built on a statistical framework,

the outputs of pattern-learning algorithms are often di�cult to interpret in the wider

context of system functioning (Bzdok et al., 2018). Therefore, in practice, the choice

between machine learning and statistical models is typically determined by the purpose,

which is either to make predictions or to infer knowledge, respectively. However, since

ecologists typically want the best of both worlds, i.e. a model that is interpretable in

terms of ecological knowledge while remaining broadly applicable for predictions, statistical

models and machine learning should be treated as complementary tools. Therefore, we

also compared the interpretability and the predictive performance of statistical models

(i.e. one-part and two-part regression models), hybrid models (i.e. three-part models

that combine neural networks with generalized linear regression) and machine learning

algorithms (i.e. conditional inference random forests (RF)) for the current telemetry data
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set.

9.2 Materials and methods

9.2.1 Study area, tagging procedure and acoustic network

The migration period of the 58 migrating eel described in chapter 7 were retained for

analysis. Receivers were used as gates as described in chapter 8. A detailed description of

the study area, tagging procedure and acoustic network is provided in chapters 7 and 8.

9.2.2 Eel movement

Given the high average detection probability of 97.0 % in the Zeeschelde, the number of false

zeros was likely limited. In addition, since the movement of eels is highly unidirectional once

they have started migrating, eels not being detected at one gate are likely to be detected at

the next gate, causing some reduction in resolution, but still providing a reliable position

estimate. Since false zeros, due to low detection probabilities, are unlikely, we decided to

work with two-part models instead of zero-in
ated models.

When a tagged eel was consecutively detected at two di�erent gates, we considered the

time lapse between these two detections as a movement interval and the distance between

the two gates was determined. When a tagged eel was detected multiple times at a speci�c

gate without being detected at any other gate, the time lapse between the earliest and last

detection was considered as a residency interval and was assigned a distance value of zero

(chapter 8). It should be noted that some short intervals might actually have been identi�ed

incorrectly as residency intervals. For example, a migrating eel might come within the

detection range and have multiple detections while moving from one side of the gate to the

other. Although considered as highly variable in literature (Breukelaar et al., 2009; Verbiest

et al., 2012), we assumed an average migration speed of 0.25 m s� 1 and a detection range

of 250 meter, yielding an approximate threshold value of at least 30 minutes for residency

intervals. To ensure that movement was not wrongly identi�ed as residencies, this value

was doubled and all residency intervals with a time span below 1 hour were omitted from

the analysis (10.80 % of the residency intervals were retained for analysis).

It is possible that, before heading to the next gate, a tagged eel was resident between two

gates without entering either gate's detection range. Such unobserved residencies are not

directly apparent from the data as they are observed as being part of the movement interval.
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However, such unobserved or cryptic residencies can be accounted for indirectly as they

will cause a travel delay in the movement interval, negatively a�ecting the time necessary

to reach the next gate.

Recognizing resident behavior in acoustic telemetry networks based on position estimates

alone often remains a di�cult objective (Cagua et al., 2015). In this speci�c study, indirect

(i.e. through travel delays) and direct indications of apparent non-movement can be either

the result of (i) �sh choosing to be resident and to discontinue swimming or (ii) �sh

swimming against the currents without much net gain in distance covered. However, if there

are clear signs of individual variation and enough individuals to account for it, a distinction

between both can be made. When animals are resident, they cannot be distinguished from

each other using position estimates alone. However, when they migrate, even against the

current, the fastest individuals will reach higher swimming speeds and can as such be

distinguished from slower individuals. It should be noted that throughout the manuscript,

swimming speed represents the ground speed (i.e. geographical progress per unit of time)

without correction for current speed. As each tag emits a signal at a unique frequency,

individuals can be identi�ed and individual variation in swimming speed can be determined

and used to analyse the behavior associated with apparent non-movement. Since European

eel and other migrating �sh have been found to apply di�erent strategies to save energy, it

is much more likely that eels would choose the most energy e�cient option and choose to

be resident when facing currents rather than to swim without much net gain in distance

covered (Arnold and Cook, 1984; Glebe and Leggett, 1981; Metcalfe et al., 1990). Therefore,

we consider measurements of apparent non-movement as residencies and evaluate afterwards

whether this choice was justi�ed based on the outcomes of the models.

To di�erentiate between upstream and downstream movement, distances covered upstream

were given a negative sign while distance covered downstream were given a positive sign.

To normalize the data, distances were divided by time, yielding swimming speed. Residency

and movement intervals with a time lapse higher than one full tidal cycle were removed

(13.42 % data removal) as they do not allow to contribute movement behaviour to either

ebb tide, 
ood tide or a combination of both (see section 9.2.3). To account for telemetry

detection errors that might cause unrealistic swimming speeds, movement intervals with

a swimming speed of 1.5 interquartile ranges (IQR) below the �rst quartile or above the

third quartile were considered outliers and removed from the data set (Tukey, 1977). In

practice, all movement intervals with a swimming speed higher than 2.7 or lower than -1.5

m s� 1 were omitted from the analysis (additional 2.20 % data removal). In summary, �rst
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89.20 % of residency intervals were removed, followed by a 13.42 % removal from the entire

data set (movement intervals + residency intervals), followed by a 2.20 % removal from the

entire data set. The �nal data set contained 19.24 and 80.76 % residency and movement

intervals, respectively.

9.2.3 Environmental data

As the biological response in this study was analyzed at a relatively �ne spatiotemporal

resolution (Bultel et al., 2014; Verhelst et al., 2018b), a sound coupling of biological and

environmental data would have been challenging and use of daily averages would have

yielded inconclusive results on within-day movement patterns. Therefore only variables were

included that were �xed in time (i.e. distance from source), �xed in space (i.e. day phase),

known to be accurate at high spatial and temporal resolutions (i.e. period of 
ooding and

period of ebbing), or known to be well represented by daily averages (i.e. moon and tidal

phase). It should be noted that the main aim of this study was to assess the potential of

alternative ecological models rather than to identify all environmental factors a�ecting eel

migration. To obtain a more comprehensive understanding of these environmental factors,

more �ne-scale measurements and/or simulations of potentially important environmental

variables, such as discharge, temperature, salinity and precipitation should be used to

�ne-tune the developed models.

To account for the distances between the locations of the gates and of the tidal measuring

stations (Hydraulic Information Centre, Belgium), a weighted average method was applied

to estimate the precise moments of low and high water at the gates. The closest upstream

and downstream tidal measuring stations were assigned to each gate. Based on the distances

between these tidal stations and the gate, linear weights were assigned to both tidal stations.

When tidal data at the respective upstream or downstream tidal station was absent or of

questionable quality (e.g. outliers and known periods of malfunctioning measuring devices)

at the time interval of interest, the next upstream or downstream tidal station was chosen.

This allowed us to estimate the duration of ebbing and 
ooding for each movement and

residency interval.

The ratio of period 
ood tide (minutes) over total period of the interval (minutes) was

determined and used as a predictor, i.e. 
ood ratio. Per gate, the ratio of the maximum

di�erence in water level of the concerning day over the median of the maximum di�erence

in water level per day of the entire study period was used as a proxy for tidal phase, with

low values being associated with neap tide and large values with spring tide. Moon phase
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was a numerical value representing the degree of illumination of the moon, ranging from

new moon (0) to full moon (1). Time of day was a categorical variable with the classes

Day, Night, Dusk and Dawn. Distance from source gave the distance (km) from the most

upstream gate to the detecting gate.

9.2.4 Model construction and evaluation

All analyses were performed using the R software (R Core Team, 2019). To construct the

di�erent models, the stats (R Core Team, 2019),nnet (Venables and Ripley, 2002) and

ranger(Wright and Ziegler, 2014) packages were used.

Model construction

In the one-part, two-part, three-part and random forest models, swimming speed was used

as response variable, while 
ood ratio, tidal phase, moon phase, day phase and distance

from source were evaluated as potential predictors. Linear weights were introduced in model

construction and evaluation to account for the di�erent numbers of observations between

eels. The weights of the observations were determined for each eel independently as 1=nk ,

with nk the number of observations of eelk. Hence, for each eel the sum of the weights

was one. As a consequence, each eel contributed equally to the constructed models. In the

one-part, two-part and three-part models, these weights were used to determine weighted

likelihoods. In the random forests, these weights represented the probability with which

observations were selected in the bootstrap. First, a one-part model was constructed for

the entire data set which consisted of a multiple linear regression model with Gaussian

distribution.

Second, continuous two-part models were constructed which consisted of two sub-models

(adapted from Belotti et al. (2015)): (1) A binomial model for the entire data set, with

movement and residency as contrasts,

P r(y 6= 0jx) = F (xT � ) (9.1)

where y is the response variable,x is a vector of predictors (x = (1 ; x1; : : : ; xk), with k

the number of predictors),� is the corresponding vector of parameters to be estimated

(� = ( � 0; � 1; : : : ; � k), with k the number of parameters), andF is the cumulative distribution

function of an independent and identically distributed error term from a probit model. (2)
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A multiple linear model with Gaussian distribution solely for the movement data,

� (yjy 6= 0; x) = h(xT � ) (9.2)

where� is the probability density function, � is the corresponding vector of parameters to

be estimated, andh is a Gaussian density function foryjy 6= 0 with expectation xT � and

some constant variance� 2. The likelihood contribution for an observation can be written

as,

� (y) =
�

1 � F (xT � )
	 i (y=0)

�
�

F (xT � )h(xT � )
	 i (y6=0)

(9.3)

where i(.) denotes the binary indicator function. Then, the log-likelihood contribution is,

ln(� (y)) = i (y = 0) ln
�

1 � F (xT � )
	

+ i (y 6= 0)[ ln
�

F (xT � )
	

+ ln
�

h(xT � )
	

] (9.4)

Because the� and � parameters are additively separable in the log-likelihood contribution

for each observation, the models for the full data set and the non-zeros can be estimated

separately. Predictions ofyi , byi jx i , were obtained by multiplying the predictions from each

part of the model for the corresponding observations,

byi jx i = ( bpi jx i ) � ( byi jyi 6= 0; x i ) (9.5)

where bpi jx i is the predicted probability that yi 6= 0. To obtain the most parsimonious

model, each part of the model was constructed using a step-wise approach with AIC as

selection criteria,

AIC = � 2lnL + 2k (9.6)

whereL is the maximum value of the likelihood function andk the number of estimated

parameters.

By de�nition, two-part models assume that both parts of the model are independent.

However, this should not always necessarily be the case. Therefore, the added value of

accounting for any dependence between both parts was also assessed. This type of model

is referred to as a selection model in literature, and can be constructed using a two-stage

estimation procedure: (1) The Inverse Mills Ratio (IMR) is determined from the binomial

model for the full data set, and (2) the linear regression model for the movement data is
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constructed with IMR as additional covariate (Heckman, 1979). The IMR is,

IMR (x) =
� (x)
�( x)

(9.7)

with � the standard normal density, � the standard normal cumulative distribution function

and x the vector of linear predictors of the binomial model.

To assess whether further distinction between upstream and downstream movement would

improve the predictions, a three-part model was constructed. This model consisted of

1) a multinomial model (via neural networks) with three contrasts; residency, upstream

movement and downstream movement, 2) a linear model of the upstream movement and 3)

a linear model of the downstream movement.

One could argue that the few upstream intervals (3.7 % of the total amount of intervals per

eel), actually represented residency intervals gone wrong (i.e. eel trying to stay resident are

in fact slightly pushed back upstream; see also section 9.3.1). Therefore additional one-part

and two-part models were constructed after transformation of the few upstream movement

intervals into residency intervals, i.e. they were given a value 0.

Additionally, a three-part model was constructed as an attempt to account for the bimodal

pattern of the non-zero data (See section 9.3.1). The three parts in this model were: 0 vs 0

to threshold vs threshold to 2.7 m s� 1. After assessing the predictive performance of models

with di�erent thresholds (threshold interval selection based on inspection of stacked density

plots in section 9.3.1) from 0.3 to 0.7 with a step-size of 0.01 and 104 Monte-Carlo cross-

validations, the threshold that yielded the model with the highest predictive performance

was retained (threshold = 0.45 m s� 1; see section 9.3.2).

Finally, conditional inference random forests were used to analyse both data sets, i.e. with

and without upstream movement intervals. Di�erent parameter settings were assessed, but

since default parameters gave slightly higher performances, only these results were reported.

Model performance

To assess the performance of the models, Monte Carlo cross-validations were performed

with 106 repeats, during which some individuals were used for training and some for testing.

Di�erent ratios (2/3, 3/4, 4/5, 5/6, 6/7, 7/8, 8/9 and 9/10 for training) were assessed but

since very similar results were obtained within each model, e.g. 0.1 % di�erence in Root

Mean Square Error (RMSE), only results for a ratio of 9/10-1/10 for training-testing, were

reported. Per repeat, a step-wise approach with AIC as selection criterion was used to
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arrive at the most parsimonious model. Per repeat the RMSE was calculated as given in

Eq. 9.8, with m the number of eels in the test data set,nk the number of observations of

eel k, yj the actual value and byj jx j the predicted value of the swimming speed. Finally, the

average RMSE over all repeats was determined.

RMSE =
1

mk

mkX

kj =1

vu
u
t 1

nkj

nkjX

ji =1

(yj i � cyji jx ji )2 (9.8)

Model validation

To quantify the uncertainty of the parameter estimates, bootstrap con�dence intervals

were determined. While standard parametric inferences rely on a-priori assumptions of

the underlying distribution of the population, the non-parametric resampling approach of

bootstrapping provides an estimate of the statistic's sampling distribution using within-

sample variation. More speci�cally, by considering the sample distribution as representative

for the population distribution, bootstrapping can be used to estimate the quality of the

predictive model. First, to develop the most parsimonious models, model selection was

performed using the procedure described by Austin and Tu (2004), based on bootstrap

samples, backwards elimination and AIC (n=104). Second, the coe�cient estimates of the

retained variables and their 95% bootstrap percentile con�dence intervals were determined

(n=104) (Davison and Hinkley, 1997). Linear bootstrap sampling weights were used to

account for the di�erent number of observations between eels.

Extension to one-part and two-part mixed models

One major advantage of telemetry is its ability to provide data on the level of individuals

and therefore mixed models that account for individual correlation are commonly used.

Therefore, we also compared the explanatory power (RMSE) of one-part mixed models.

Both models had eel ID as random intercept. The RMSE values were used as proxies of

explanatory power. Since in the two-part models independence between parts is assumed,

we did not account for any correlation across both �xed e�ects and random e�ects from

the di�erent parts of the two-part model (i.e. the random e�ects of the binomial model

and those of the linear model were determined independently).

Page 162



9

Combining disciplines: dealing with observed and cryptic animal residencies in passive telemetry data
by applying econometric decision-making models

9.3 Results

9.3.1 Exploratory analysis

Figure 9.1: Graphs of discrete movement. Downstream movement (1); upstream movement (-1);
residency (0) versus the relative (%) and actual (minutes) period of 
ooding and ebbing. All
movement and residency intervals are depicted. Di�erent colors represent di�erent eels.

An exploratory analysis of the data suggests that downstream movement intervals generally

took place during ebb tide (Figs 9.1 and A.7.1). The normalized duration of 
ood tide in

the downstream movement intervals was either 0 or to a lesser extent 100 % (Fig. 9.1),

suggesting that downstream movement intervals contained either no 
ooding at all or a full


ood cycle. On the other hand, upstream movement intervals typically took place during


ood tide (Figs 9.1 and A.7.1). Finally, residencies seemed to occur more often during 
ood

tide than during ebb tide (Fig. 9.1).

Transformed stacked density plots of swimming speed gave additional insights into the

distribution of the data (Fig. 9.2). It is clear from these �gures that the bimodal pattern

in the non-zero data is the result of di�erent tidal conditions rather than of individual

di�erences. Most eels have swimming speeds ranging from 0 to 2 m s� 1, but swimming
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Figure 9.2: Transformed stacked density plots (count as density multiplied with area (bin width of 0.05
m s� 1)) of eel swimming speed (ms� 1). To determine the count of the stacked density plots, there
are several steps involved. First, the x-axis, which represents the swimming speed, is subdivided
in swimming-speed intervals with a width of 0.05 ms� 1. Second, the amount of movement (and
residency) intervals for each swimming-speed interval is divided by the swimming-speed interval
width. For example, in the swimming-speed interval centering the value 1 ms� 1, 25 movement
intervals were found. Hence, 25 movement intervals divided by a width of 0.05 ms� 1 yield a count
of 500. In A and B the density plots of all movement intervals are given. The di�erent colors in A
depict the di�erent eels, while the di�erent colors in B depict whether movement intervals occurred
during 
ooding, ebbing or a combination of both. In C and D the density plots of all residency
intervals and movement intervals are given. The di�erent colors in C depict the di�erent eels, while
the di�erent colors in D depict whether residency and movement intervals occurred during 
ooding,
ebbing or a combination of both.

speeds from 0 to approximately 0.45 m s� 1 typically occurred during pure 
ooding or a

combination of 
ooding and ebbing, while swimming speeds of approximately 0.45 to 2 m s� 1

typically occurred during pure ebbing events. This suggests that movement intervals with

a swimming speed below approximately 0.45 m s� 1 are likely to contain cryptic residencies,

causing a delay in travel time.
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Table 9.1: RMSE values (Eq. 9.8) after Monte Carlo cross-validations (104 permutations) for di�erent
models and di�erent data subsets.

Data Model RMSE

Original

data

set

One-part model 0.4165

Two-part model:~0 vs not 0 m s � 1 0.4073

Selection model: 0 vs not 0 m s � 1 0.4132

Three-part model: 0 vs 0 vs 0 m s � 1 0.4055

Conditional inference random forests 0.3941

No

upstream

movement

One-part model 0.4051

Two-part model: 0 vs 0 m s � 1 0.3804

Selection model: 0 vs 0 m s� 1 0.5410

Three-part model: 0 vs 0-0.45 vs 0.45-2.7 m s � 1 0.3653

Conditional inference random forests 0.3669

9.3.2 Model construction and evaluation

Figure 9.3: Violin plots representing the distribution of RMSE values obtained through cross-validation
(n=104) for the di�erent models. RMSE distributions are given for the one-part model, two-part
model (0 vs not 0 m s� 1), three-part model (0 vs 0-0.45 vs 0.45-2.7 m s� 1) and random forests
model (RF). The data set without upstream intervals was used to construct the models.

For the original data set, Monte-Carlo cross-validations indicated that the three-part model,

which compartmentalized predictions into (1) residencies and (2) downstream and (3)

upstream movement, had the highest predictive performance (RMSE = 0.4055), followed

by the two-part model (RMSE = 0.4073), which compartmentalized predictions in (1)

residencies and (2) movement, the selection model (RMSE = 0.4132) and the one-part

Page 165



Combining disciplines: dealing with observed and cryptic animal residencies in passive telemetry data
by applying econometric decision-making models

9

Table 9.2: Parameter estimates, 95% percentile con�dence intervals (CI) and p-values of the one-part,
two-part and three-part models obtained using a weighted bootstrap approach (n=104). The models
had swimming speed as response and predictors were selected using a bootstrap selection procedure
based on backwards elimination and AIC. The considered predictors were 
ood ratio (% percentage

ood over total period), distance from source (km), moon phase (degree of moon illumination
ranging from 0 to 1), tidal phase (ratio of the maximum di�erence in water level of the concerning
day over the median of the maximum di�erence in water level per day of the entire study period)
and day phase (categorical: day, night, dusk or dawn). The data set without upstream intervals
was used to construct the models.

Intercept Flood ratio Distance Moon phase Tidal phase

One-part

model

Estimate 0.704 -0.0124 4.94*10� 3 0.0885

CI [0.629 0.780] [-0.0133 -0.0116] [3.57*10� 3 6.32*10� 3 ] [0.0105 0.166]

p-value 0 0 0 0

Two-

part

model

Binomial

model

Estimate 1.45 -0.0195

CI [1.31 1.60] [-0.0231 -0.0160]

p-value 0 0

Linear

model

Estimate 0.795 -0.0137 5.16*10� 3 0.0915

CI [0.725 0.866] [-0.0151 -0.0123] [3.90*10� 3 6.43*10� 3 ] [0.0101 0.174]

p-value 0 0 0 0.00258

Three-

part

model

Multi-

nomial

model

0-0.45

vs

0 m s� 1

Estimate 0.507 -0.0134

CI [0.0830 0.973] [-0.0212 -0.00595]

p-value 0.105 8.00*10� 4

0.45-2.7

vs

0 m s� 1

Estimate 2.96 -0.0987

CI [2.57 3.43] [-0.117 -0.0835]

p-value 0.126 0.00152

Gamma

model

0-0.45

m s� 1

Estimate -2.2 -0.00548 0.870

CI [-3.31 -1.12] [-0.00893 -0.00204] [-0.192 1.94]

p-value 0.650 0.00167 0.648

Linear

model

0.45-2.7

m s� 1

Estimate 0.82 -0.00455 7.22*10� 3 0.0425

CI [0.750 0.889] [-0.00690 -0.00219] [5.93*10� 3 8.53*10� 3 ] [-0.0436 0.127]

p-value 3.00*10� 4 0 0 0.0011

model (RMSE = 0.4165) (Table 9.1). After transformation of the upstream movement

intervals to residency intervals, Monte-Carlo cross-validations indicated that the three-part

model, which compartmentalized predictions into classes of (1) 0, (2) 0 to 0.45 and (3) 0.45

to 2.7 m s� 1, had the highest predictive performance (RMSE = 0.3653) followed by the

two-part model (RMSE = 0.3804), which compartmentalized predictions into (1) residencies

and (2) movement, one-part model (RMSE = 0.4051) and selection model (RMSE = 0.5410)

(Table 9.1). Since the three-part model performed best, it was retained for further analysis

(Table 9.2).

The results of the multinomial model of the three-part model indicated that the distinction

between< 0.45 and> 0.45 m s� 1 was signi�cantly better than the distinction between 0 and
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0 to 0.45 m s� 1. The relative risk ratio (RR) for a one-percentage increase in the 
ood ratio

was 0.987 for being between 0 and 0.45 m s� 1 versus 0 m s� 1 and 0.907 for being between

0.45 and 2.7 m s� 1 versus 0 m s� 1. The higher the 
ood ratio, the higher the probability

of an observed residency interval (0 m s� 1) and the lower the probability of a movement

interval with a swimming speed above 0.45 m s� 1. The probability of a movement interval

with a swimming speed below 0.45 m s� 1 shows an increasing trend with 
ood ratio similar

to the probability of residency intervals until a 
ood ratio of approximately 40 %, after

which the probability decreases (Fig. 9.4).

Figure 9.4: Output of the most parsimonious multinomial model with as response the three categories:
0, 0 to 0.45, 0.45 to 2.7 m s� 1 and as predictor the 
ood ratio. The probability of each class is
given as a function of the 
ood ratio.

However, distinction between swimming speeds of 0 and 0 to 0.45 m s� 1 was necessary in

order to �t a generalized linear model with gamma distribution through the data. Using

a binomial model with contrasts< 0.45 and> 0.45 m s� 1 followed by two linear models

yielded a lower predictive performance (RMSE = 0.3712) and would have violated model

assumptions. The multinomial model on its own provided a relatively low predictive

performance (RMSE=0.3940), but addition of a generalized linear model with gamma

Page 167



Combining disciplines: dealing with observed and cryptic animal residencies in passive telemetry data
by applying econometric decision-making models

9

distribution from 0 to 0.45 m s� 1 and a linear model from 0.45 to 2.7 m s� 1 increased the

predictive performance with 7.3 % (RMSE=0.3653). The gamma model from 0 to 0.45

m s� 1 indicated a signi�cant negative e�ect of 
ood ratio. However, it should be noted

that the model �t was relatively poor as using a null model instead decreased the overall

predictive performance with only 1.1 % (RMSE = 0.3693). More bene�t was gained from

the linear model for the part of 0.45 to 2.7 m s� 1 as inclusion of the null model reduced

overall predictive performance with 6.7 % (RMSE = 0.3898). The 
ood ratio and moon

phase had a signi�cantly negative and positive e�ect on the swimming speed, respectively,

but were found to be far less important than the signi�cant positive e�ect of the distance

to source. During ebbing tide, eels closer to the North Sea had relatively higher swimming

speeds. Finally, all full model-parts of this three-part model were o�ered the variable eel ID

as �xed factor in the model selection process, but it was only retained in the latter linear

model from 0.45 to 2.7 m s� 1. This suggests that individual di�erences were important to

predict swimming speeds from 0.45 to 2.7 m s� 1, but not to distinguish between classes (1)

0, (2) 0 to 0.45 and (3) 0.45 to 2.7 m s� 1 or to predict the swimming speed from 0 to 0.45

m s� 1.

Similar predictors with reliable parameter estimates were retained in the di�erent models

(Table 9.2). For the binomial part of the two-part models only 
ood ratio was retained,

while the one-part models and linear parts of the two-part models retained, in order of

decreasing importance, the factors 
ood ratio, distance to source and moon phase. The

variable importance provided by the conditional inference random forests indicated that


ood ratio (0.3733) was most important, followed by distance from source (0.0609), moon

phase (0.0218), tidal phase (0.0204) and day phase (0.00796).

RMSE values of the one-part and two-part mixed models for the data set without upstream

movement intervals were 0.373 and 0.347 respectively. Hence, the two-part mixed model

explained patterns in the data 7.0 % better than the one-part mixed model.

9.4 Discussion

9.4.1 Evaluating one-part, two-part and three-part models

Movement decisions have been assessed in depth for a wide range of animals (Berdahl et al.,

2017; Dechmann et al., 2017; O'Neal et al., 2018), but the number of studies combining

movement decisions with movement intensity, e.g. swimming speed or distance covered,

has been limited (Brodersen et al., 2008). Because zero values describe a unique behavioral
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aspect in movement behavior, i.e. residencies, de�ning observed zeros and identifying

cryptic zeros in telemetry data sets allowed to improve predictive performance and to obtain

more detailed ecological insights. The predictive performances of the original three-part and

two-part models were higher (between 2.2 and 9.8 %) than those of the one-part models,

suggesting that the conditions that a�ect the movement decision are not necessarily the

same as the conditions that a�ect the movement intensity. Taking into consideration that

both processes might be correlated did not improve predictions as the selection models had

a lower predictive performance. This is in concordance with many econometric studies in

which accounting for potential dependencies between both parts of the model did not seem

to add to the quality of the predictions (Madden, 2008; Smith, 2003).

Although distinguishing between movement and residencies provided clearly better pre-

dictions, further distinction between upstream and downstream movement, only provided

marginally better predictive performances (0.4 %). This might be because of the limited

amount of upstream movement intervals and the limited amount of individuals exhibiting

upstream movement, causing only a limited increase in explanatory power in the test

set. However, the poor gain in explanatory power of the model may also be the result

of the similar conditions in which upstream movement and residencies occurred. Indeed,

considering upstream movement as residencies gone wrong, resulted in a 6.6 % and 2.7 %

increase in performance for the two-part and one-part model respectively. This suggests

that some eels are unsuccessful in remaining resident during 
ooding as they are pushed

back, or that they mistake 
ooding for ebbing when moving along with the current. A

�nal improvement of model performance was apparent from further compartmentalization.

Distinction between swimming speeds of (1) 0, (2) 0 to 0.45 and (3) 0.45 to 2.7 m s� 1 caused

predictions of swimming speed to be 9.8 % better. This model improvement was mainly

the result of the contrasting tidal conditions before and after 0.45 m s� 1, with eels facing

or not facing a 
ooding event respectively. Hence, compartmentalization was successful

because it adequately classi�ed observed residencies (0 m s� 1), cryptic residencies (0 to

0.45 m s� 1) and movement intervals (0.45 to 2.7 m s� 1).

The results of the three-part model suggest that the movement decision depends only on

the tides, while the swimming speed is dependent on the tides and the distance from source.

The larger the contribution of 
ooding, the more likely a speci�c time lapse will be a

residency interval rather than a movement interval. In addition, eels which migrated during

ebb tide and which were already close to the sea, typically had the highest swimming speed.

The conditions during which the movement intervals of the �rst peak of the bimodal pattern
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(< 0.45 m s� 1) occurred were actually more closely related to those of residency intervals

than those of movement intervals of the second peak of the bimodal pattern (> 0.45 m

s� 1). Within the observed movement intervals characterized by a swimming speed below

0.45 m s� 1, cryptic or undetected residencies were invoked by 
ooding events. During

these 
ooding events, eels had to interrupt their journey, causing lower observed swimming

speeds. For swimming speeds above 0.45 m s� 1, the distance to the North Sea seemed to

play a more important role than the tides. In addition, individual variation was signi�cantly

more important for swimming speeds above than below 0.45 m s� 1 and also the movement

decision did not show any signi�cant individual variation. This suggests that all eels stay

resident during 
ooding, but also that some eels swim faster or slower than others once

the decision to continue their migration has been made. The simple position estimates

of a single individual would have made it di�cult to classify apparent non-movement as

either (i) residencies or (ii) movement without net gain in distance covered. However, the

ability to quantify individual variation from a large number of tagged individuals provided

evidence in favor of the �rst option. More speci�cally, as there were clearly faster and slower

swimming individuals, the second option would have resulted in meaningful di�erences

between individuals across all parts of the model (i.e. some individuals would be pushed

back while others would advance during 
ooding). This was, however, not the case.

One major advantage of telemetry is its ability to provide data on the level of individuals,

and therefore mixed models that account for individual correlation are commonly used

(Gillies et al., 2006; Hooten et al., 2017). Two-part and three-part models can be easily

extended to include mixed e�ects in order to provide a higher explanatory power. In this

study, the explanatory power of mixed two-part models was 7.0 % higher than their one-part

equivalents. However, it should be noted that potential dependencies between the elements

of random and �xed factors across the di�erent parts were not considered. If correlation

between the random e�ects across the di�erent parts is expected, a joint maximization of

the likelihood functions would be required. More research is needed to evaluate the added

value of such an approach as its importance is likely to be case-speci�c.

Eels have already been shown to exhibit selective tidal stream transport (STST), as they

make use of the tides to reach their destination with as little energy expenditure as possible

(Barry et al., 2016; Verhelst et al., 2018b). However, by comparing one-part with two-part

and three-part models, we illustrated that migrating �sh exhibit complex behavior and that

models initially constructed to assess human customer behavior, might also be of use to

study other animals (Farewell et al., 2017).
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9.4.2 Recommendations for future studies

In order for zero values to provide useful information, a good understanding of the meaning

of zeros in the data is required. In this study we considered all observed zeros to be

true zeros, which is a plausible assumption given the high detection probability of the

network and mainly unidirectional movement of migrating eel. In contrast, in case detection

probabilities are low, many zero values might actually be false zeros as the result of important

design and/or observer errors, and hence the probability of a false zero should be explicitly

integrated in the model. Since, the detection probability is a�ected by the network design,

transmission intervals and detection range, which in turn is a�ected by environmental

conditions (Reubens et al., 2019b), an elaborate addition to the two-part models may

be required to deal with high levels of false zeros. In addition, a good understanding of

the detection range variability is also necessary to estimate any di�erence between the

observed and actual biological response. For instance, in this study, the observed swimming

speed of eel likely di�ered from the the actual swimming speed because of the unaccounted

detection range variability. Furthermore, the factors known to a�ect the detection range,

i.e. tides (Mathies et al., 2014), also seem to be a�ecting the movement behavior of eel,

introducing not only noise but even a potential bias in the data. Independent range tests

at di�erent locations along the estuary and at di�erent moments within the tidal cycle

are a necessary addition to quantify the noise and/or bias associated with detection range

variability (Kessel et al., 2014). It should also be noted that some limitations are inherent

to the applied technique of passive telemetry and can only be resolved by additional data

collection. For example, when eels are between gates and there seem to be travel delays

during 
ooding, apparent from reduced swimming speed, it is di�cult to tell whether eels

(i) remained stationary near the bottom to preserve energy or (ii) swam against the currents

without much gain in distance covered. Although the constructed models indicated that

the �rst option is much more likely than the second, depth pro�les and actual swimming

speed measurements, obtained through archival tags with depth sensors and accelerometers,

would provide more direct estimates of speci�c animal behavior and would allow to validate

the results of this study.

9.5 Conclusion

In this study we illustrated how accounting for both well-de�ned and cryptic residencies

provides a better insight into the movement behaviour of migrating eel. Two-part and
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three-part models turned out to be promising tools to deal with zero-in
ated telemetry data,

underlining the complex behaviour of migrating �sh. Nevertheless, a sound assessment of

the detection range variability in combination with more �ne-scale measurements of envi-

ronmental variables, is necessary in order to con�rm the observed patterns in eel movement

and its relationship with environmental variables. Although only data from one species, one

telemetry network and one telemetry technique was used, the proposed model framework can

be used for study cases with other species, networks and techniques (e.g. passive integrated

transponder and radio telemetry). The R code, subset of data and documentation are

available on Mendeley Data:http://dx.doi.org/10.17632/vtrxw2m9wp.1
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CHAPTER10

General Discussion

10.1 Contribution of this thesis

Despite being closely connected, the optimization of data collection, analysis and interpreta-

tion is often considered separately, causing the optimization of one aspect to be restricted by

the unconsidered limitations of the other aspects. For example, since a data-driven model

can only be as good as the data it is fed, data limitations will dictate the reach of model

performance enhancement. Therefore, an integrated optimization approach, foreseen of

feedback loops between the di�erent aspects of the scienti�c process, would be most e�cient.

The limitations encountered by model developers, ecologists and �eld researchers separately

should be translated to the di�erent aspects to obtain a more holistic representation of

their repercussions and potential solutions. Although such an approach might be costly

and confronting in the short term, it will bene�t longterm e�orts.

The aim of this thesis was (i) to determine how innovative �sh monitoring techniques

perform, (ii) how they can be used to support environmental management in an optimal

way, and (iii) how they can be evaluated and optimized. More speci�cally, we assessed the

ability of telemetry and video transects to generate adequate data, to be fed to meaningful

models allowing for interpretable outputs and relevant suggestions for management (Fig.

10.1). In chapters 4 and 7, the aforementioned methods were used to provide answers to

ecological research questions with implications for management. Even if both methods
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Figure 10.1: Depiction of the integrated methodological framework used for the two case studies of

this thesis. Light gray boxes represent the original approach for the di�erent aspects which were
based on existing literature. Dark grey boxes represent the adapted holistic optimization approach
for the di�erent aspects.
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provide outputs relevant for both science and management, the e�ciency and uncertainty

tied up with di�erent aspects of the scienti�c process may remain largely unknown. To this

end, �rst the ability of the techniques to provide useful results within the context of existing

literature on sampling designs, conceptual models and data and model requirements was

discussed. Secondly, ways to evaluate and optimize sampling designs, data adequacy, model

performance and relevance were discussed. Finally, The new ecological knowledge, that was

generated from considering these aspects of the scienti�c process together, and its potential

implications for monitoring and management were discussed.

10.2 How important is �sh monitoring for environ-

mental management?

Statistical models built with data from video transects, in-situ environmental measurements

and remote sensing provided valuable insights in the drivers of �sh assemblage structure and

diversity in the coastal waters of the Galapagos archipelago (chapter 4).� diversity seemed

negatively a�ected by pollution and the �sh assemblage structure in polluted sites seemed

more a�ected by water conditions than physical habitats, while the contrary was true for

more pristine sites. With this knowledge, pollution sources a�ecting marine diversity can be

identi�ed, conservation priorities can be set and evidence-based environmental management

can be implemented. High phosphorus concentrations, for example, seemed to negatively

a�ect the diversity and structure of �sh assemblages, but the sources and pathways of

the nutrient pollution in the Galapagos remain poorly understood (Mateus et al., 2019).

The marine life in the Galapagos is of scienti�c, �nancial and social importance and �sh

monitoring is a key aspect to enable its conservation (Izurieta et al., 2018).

Similarly, statistical models built with data from passive acoustic telemetry and tidal

measurement stations allowed to describe the selective tidal stream transport (STST) that

eels exhibit in the Zeeschelde (chapter 7). Understanding the timing, characteristics and

environmental drivers behind eel migration is key to design management (Breukelaar et al.,

2009). For example, because of shipping locks, low gravitational 
ow and the absence of

tidal currents, only 34 % of tagged silver eels were able to leave the Albert Canal (i.e.

proportion of tagged eels of class FIV and FV detected between September 2014 and

December 2016 in the downstream parts of the Scheldt Estuary (17 %) or Meuse river (17

%)) (Verhelst et al., 2018a), while in the more natural Zeeschelde 71 % of tagged silver

eels were able to reach the downstream parts of the Scheldt Estuary (i.e. proportion of
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tagged eels of class FIV and FV detected at either gates ws3, ws2, ws1, s18 or s17 between

October 2015 and December 2017). In addition, tagged eels in the ZS migrating towards

Antwerp had an average general migration speed of 0.05 m s� 1, while in the Albert Canal

the average general migration speed of tagged eels migrating towards Antwerp was only

0.015 m s� 1 (Verhelst et al., 2018a). Therefore, anthropogenically altered waterways need

to be managed properly in order to approximate natural conditions and to promote eel

migration. As environmental management most often consists of longterm and expensive

investments (Peterson et al., 2003), results should be accompanied by assessments of model

performance, data uncertainty and sampling errors. As such, results can be translated into

guidelines with some level of reliability and continuous monitoring, data processing and

interpretation, which are needed to evaluate the e�ect of management measures, can be

optimized.

10.3 How to evaluate and optimize sampling designs

and techniques?

As discussed in chapter 2, sampling techniques used for the di�erent case studies were chosen

based on the objectives, ecological framework, model requirements, data requirements and

logistics. The assessment of the characteristics of each sampling technique described in

literature was vital for the selection process, but also highlighted some knowledge gaps.

Video transects, for example, are often considered a simple extension of the well-described

visual census transects, although the ability to store and standardize video observations

justi�es a speci�c methodological assessment of the technique. An improved understanding

on the magnitude and sources of sampling variability and �ne-scale spatial and temporal

variability, in combination with insights on how �sh behavior is a�ected by the presence

of observers (i.e. observer e�ects) and how it a�ects detectability of species, are key to

evaluate and optimize video transects.

10.3.1 Accounting for sampling variability

A key issue in methodological studies involves the source identi�cation and quanti�cation

of the sampling variability (Underwood, 1996). Accounting for and/or minimizing sampling

variability is essential to correctly interpret generated data and to draw reliable conclusions

that can be translated in sound management guidelines (Elphick, 2008). The sampling
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variability or instantaneous variability, caused by counting/detection errors (i), observer

e�ects (ii and iii), and �sh displacement (iv and v), is important to acknowledge in

observational studies (McClanahan et al., 2007). It is the result of a complex interplay of

(i) simple counting and detection errors, (ii) �sh responses to the presence of observers,

(iii) spatiotemporal variation in the perception of the observers, (iv) instantaneous �sh

displacement as response to environmental conditions changing at a �ner scale than what

was measured, and (v) instantaneous �sh displacement related to community dynamics

including, but not limited to, feeding, reproduction and biotic interaction. In case biological

di�erences are pronounced, the proportion of sampling variability can be relatively small.

This was the case for the �sh assemblage structure in chapters 4 and 5, in which di�erent

islands and locations were assessed and for which sampling variability was only 17.44 %

of the total variability. When spatial scales are less extensive, biological di�erences in

space are likely to be less pronounced and sampling variability can be relatively large.

This was the case for the study of chapter 6, in which only one location was assessed

(sampling variability=44.2 %). The importance of sampling variability is also dependent on

the studied area. In Santa Cruz, for example, sampling variability was considerably less

important than in Floreana. This was most likely the result of the wider range of habitat

types in the former, harboring a wider range of �sh assemblages and providing as such

more statistical power to detect di�erences between locations and transects. If the �sh

assemblage structures of two locations di�er only slightly, sampling variability might be too

extensive to assess biological di�erences. Furthermore, if sampling units are less likely to

yield representative measures of the studied population, sampling variability is likely to be

large. In chapter 5, for example, the proportion of sampling variability of �sh assemblage

structure was 25.89 % and 17.44 % for transect lengths of 10 and 50 meters, respectively.

10.3.2 Accounting for �ne-scale spatial and temporal variability

The spatial variability within sites, i.e. between transects, is another important aspect to

account for. Although multiple studies found that �ne-scale habitat heterogeneity causes

strong biological spatial variability within sites (Pittman and Brown, 2011), the latter is

often simply considered as an extra source of sampling variability next to the observer e�ects,

counting errors and instantaneous �sh displacement (Connell and Kingsford, 1998; Teixeira-

Neves et al., 2015; Quimbayo et al., 2019). In chapters 5 and 6, spatial variability within

sites was respectively 73 and 78 % of that of the sampling variability. Hence, if within-site

spatial variability would have been considered as part of the sampling variability, sampling
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variability would have been 1.73 to 1.78 times larger. While the sampling variability is

mainly of a stochastic unpredictable nature, within-site spatial variability is predictable as

its source can be traced back to physical sampling units with a speci�c range of habitat

attributes. Hence, it can be directly accounted for by either (i) limiting sampling to speci�c

habitats, (ii) measuring habitat attributes to be used as predictors in ecological models,

or (iii) revisiting transects to include them as a random e�ect. Such measures will allow

for a lower sampling e�ort without loss of information. Compared to spatial variability,

daily variability lacked the e�ect size and clear causal nature at the considered scales.

Furthermore, because of travel costs between sites, one extra day of sampling would have

costed more than one extra transect per site, although the number of observations would

have remained the same. Informed sampling e�ort distribution, data collection and variation

partitioning are key to collect more information rather than more data.

10.3.3 Accounting for �sh behavior and detectability

Because observers' perception of the environment changes through time and space due to

experience gain, and/or observer replacement, inter-calibration and standardized protocols

are important (Thompson and Mapstone, 1997). Sedentary species, for example, were

found more often during the last repetitions of a transect, because observers unconsciously

knew where to look after they had covered the transect multiple times before. However,

the e�ect of the presence of observers on the sampling procedure should not be disregarded

as it might directly a�ect the observed environment rather than the observers' perception.

Biological �sh traits are important to consider in this context as they will determine the

extent with which the measured biological response, e.g. �sh counts, is altered by the

presence of the observer (Kulbicki, 1998). For example, easily scared or curious species

were observed more often during the �rst or last repetitions, as they were either attracted

or deterred by the observers, respectively. Because of this, sampling variability was most

important for counts of rare species with cryptic behavior, impeding proper assessment of

habitat suitability for these species. The higher sampling variability in Floreana might also

have been partially the result of stronger observer e�ects, as behavior of �sh, and more

speci�cally the response to the presence of observers, can be di�erent between pristine and

more disturbed areas (Stobart et al., 2007; MacNeil et al., 2008b). More speci�cally, in

Santa Cruz, �sh might be more accustomed to the presence of the many tourists, making

them less likely to be scared away.

These sources of dependence between observations, de�ned as observer e�ects, are important
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to account for as systematic sampling errors inherent to the sampling technique, design

and species detectability. It should be noted, however, that de�ning the source of this

dependence is key as not all dependencies are caused by the sampling itself, i.e. observer

e�ects, but rather by ecological processes. For example, in chapter 6, the spatial dependence

between nearby locations on a relatively �ne scale (i.e. one hectare) was mainly related to

site �delity of �sh and the tendency of physical habitats closer together to have more similar

characteristics. According to the niche theory of chapter 3, the more similar two physical

habitats are, the more likely the species using the habitats will be the same. In addition,

within-day (i.e. range of four hours) variance was negligible compared to between-day

variance of �sh assemblage structure, although the opposite was true for the variance of

environmental conditions. This suggests that the temporal dependence of observations on

a relatively �ne scale (i.e. days instead of weeks and months) is the result of community

dynamics, such as dispersal and site �delity, rather than environmental �ltering.

10.3.4 Integrating data requirements, model requirements and

ecological knowledge

In summary, in order to properly assess the broad-scale e�ects of climate change or pollution

(chapter 4), variation among and within observers, transects and days needs to be accounted

for either by optimizing (i) the sampling technique (chapter 5), e.g. more time between

observations and e�orts to reduce disturbance and to standardize observations, (ii) sampling

design (chapter 6), e.g. distribution of sampling e�ort focused on the factors with the

highest variance, and (iii) analysis (chapter 6), e.g. partialling out the quanti�ed e�ect of

sampling errors and �ne-scale dynamics. In the speci�c case of the subtidal �sh assemblages

of the rocky shores in the Galapagos archipelago, video transects seemed adequate for

observational studies. In case the structure of �sh assemblages was studied, su�ciently long

(i.e. 20 meter) transects and enough repeats (i.e. 4) are recommended. Although observer

bias, i.e. the variation tied up with observer identity, was considerably less important than

the sampling variability, the value of standardized protocols and observer inter-calibration

should not be disregarded. However, especially in short-term studies during which one

observer can be used throughout, increasing sampling e�ort is much more important

than accounting for di�erences between observers. This corroborates with the results of

methodological visual census studies (Edgar et al., 2004b; McClanahan et al., 2007).

The gained ecological knowledge related to �sh behavior during sampling, i.e. observer

e�ects, and the drivers behind instantaneous �sh displacement, in combination with e�orts
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to integrate model and data requirements, such as the reduction of sampling variability,

allowed to evaluate and optimize the use and design of video transects.

10.4 How to evaluate and improve data adequacy?

How the sampling is designed and how sampling e�ort is distributed will a�ect the extent

to which di�erent data requirements are met. For example, if both within and between-

individuals variation need to be accounted for, it has to be decided how many individuals

and how many measurements per individual will be included. Although the alignment of

model outputs with ecological research objectives and management objectives is crucial,

chosen response variables will be of limited use if they are not measurable, accurate, or

precise. Hence, response variables need to represented by relevant data.

10.4.1 Balancing data requirements

Ecological data have to be relevant and of su�cient quality. In case of video transects, data

might not be of use if there are insu�cient observations to quantify sampling variability or

if sampling units are too small to be representative for the studied location. Although the

shortest transects (i.e. 10 meters) were associated with the highest sampling variability, they

still provided ecologically relevant data from which meaningful dissimilarity estimates could

be derived1. However, it should be noted that the Galapagos is a region with a relative high

density of �sh and high species richness (Quimbayo et al., 2019). In addition, in July (i.e.

the study period), nutrient concentrations are typically relatively high and cause stronger

�sh activity (Bensted-Smith, 2002). In areas with lower �sh density, species richness and

�sh activity, the risk of non-meaningful dissimilarity estimates will be higher and longer

transect lengths would be required to provide representative assessments of �sh assemblage

structure More repeats, transects and days will allow researchers to better account for the

sampling variability, spatial variability and daily variability of �sh assemblage structure

within sites while longer transects will decrease the proportion of sampling variability.

Although both parameters had a positive e�ect on precision, the e�ect (per unit of sampling

e�ort) of more repeats was more important than that of longer transects. However, given

the limited resources most monitoring is faced with, trade-o�s between di�erent aspects of

data quality are necessary.

1Within one sampling unit, on average, only 0.002% of the observation pairs had no detected species at
all and only 0.01% of the observation pairs had no species in common.
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Similarly, the temporal epistemic uncertainty of passive acoustic telemetry data could be

reduced at the expense of spatial resolution by using gates to validate location estimates

rather than to delineate residency intervals. Data at the �nest spatial resolution provided

a more spatially detailed overview of the areas in the Scheldt Estuary where migrating

eels spend most of their time, but the residency estimates were characterized by larger

uncertainty intervals. Reducing the number of areas by 20 %, through spatial re-scaling,

decreased the average uncertainty with 90 %, indicating the importance of a trade-o� in

data characteristics. Instead of giving telemetry gates new functions, we might also decide

to remove or include gates because of changes in the available funds for monitoring. The

approach we suggested in chapter 8 was used to evaluate which gates could be removed

without much loss of information, but could also be used to determine where additional

gates should be installed to have an optimal information gain.

Decisions on the characteristics of the sampling units, e.g. transect length, and sampling

network, e.g. gates used either to delineate or validate residency intervals, clearly a�ect the

information stored in data sets. Given the available sampling e�ort or number of receivers,

data requirements will have to be balanced. Longer transects will limit the number of

repeats, while receivers used to validate residency intervals cannot be used to delineate

them.

10.4.2 Data-relevant response variables

Although response variables need to be ecological relevant within the context of the

objectives, the way they are measured should also yield representative values. Otherwise,

conceptual models simply remain theoretical frameworks without grounding in real life.

Fish detectability, for example, is often dependent on the functional group, e.g. feeding

group, the species belongs to (MacNeil et al., 2008a). Therefore, trait-related metrics, such

as functional dispersion, that are typically used to improve the understanding of ecological

functioning (Coleman et al., 2016) might yield biased results if �sh detectability is not

accounted for. More speci�cally, unaccounted patterns in detection heterogeneity could be

incorrectly interpreted as di�erences in ecological functioning. Detectability in this thesis

was strongly species-speci�c but literature suggests that also �sh density and habitats play

an important role (Kulbicki et al., 2010; MacNeil et al., 2008b). Hence, for some species

and situations, �sh counting provides a very representative measure of abundance, while

for others it does not. Being aware of this prior to the selection of the response variables is

vital.
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Although being able to collect individual-based data of the reef �sh in the Galapagos

would allow to assess �sh behavior related to observer presence, community dynamics

and environmental �ltering more in depth, the importance of individual-based data was

most pronounced for the study of movement behavior in migrating eel. The relatively

large scale, importance of orientation in geographical space and time-dependent nature

of movement underline the need for a more individual-based approach. Being able to

reconstruct trajectories based on presence-only data of single individuals circumvents some

of the limitations imposed by imperfect detectability and the ambiguity surrounding observed

absences (chapter 3). In addition, besides the direct usefulness to measure movement, single

trajectories allow to indirectly account for individual characteristics, such as age and body

size, that might a�ect the movement behavior. For example, though eel ID was not a vital

parameter to account for during 
ood, it turned out to be a very important parameter

to describe movement during ebb. This suggests that there is considerably less variation

among individuals to stay stationary during 
ood, than there is to move downstream during

ebb.

The inherent characteristics of the chosen sampling technique also a�ect the nature of the

response. Active telemetry approaches, such as GPS, are characterized by a Lagrangian

perspective: Tagged animals are detected at regular time intervals, regardless of their loca-

tion, meaning that they cannot \hide" from being detected. Passive telemetry approaches,

such as the acoustic network used in this thesis, are characterized by a Eulerian perspective:

Tagged animals need to come within range of receivers, at speci�c spatial intervals from

each other, in order to be detected (Both et al., 2013; Merki and Laube, 2012). Hence,

while the response of active techniques involves the distance covered within a certain time

lapse, the response of passive techniques involves the required time to cover the distance

between detecting receivers.

10.4.3 Implications of improved data relevance for data analysis

Unlike passive telemetry, active telemetry prevents tagged animals to hide from being

detected and as such allows to determine direct estimates of resident behavior. However,

passive approaches can be designed to provide indirect estimates of resident behavior. In

chapter 7, only movement intervals were assessed because residency intervals could not be

determined with the considered sampling design.

The adapted methodological approach discussed in chapter 8, with receivers serving as

gates, allowed to separate the data in residency and movement intervals. Residencies were
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explicitly accounted for as zero values in the data set, and as such the entire trajectory of

each individual eel, from the �rst till the last detection, was accounted for. Hence, much

more information was contained within the data set. However, the integration of additional

data and introduction of new ecological concepts, i.e. movement versus non-movement,

required adapted models.

10.5 How to evaluate and optimize ecological models?

Most ecological models used in this thesis are best classi�ed as statistical models, with the

exception of the conditional inference random forests of chapter 9, which is classi�ed as a

machine learning algorithm. As mentioned in chapter 2, statistical models can be positioned

between mechanistic or process-based models and machine learning or data-driven models,

in terms of knowledge and data requirements. Ecological knowledge was crucial to (i) decide

whether parametric, semi-parametric or non-parametric multivariate models were used, (ii)

to preselect the input variables most likely to represent cause-e�ect mechanisms, and (iii) to

design the model structure. Adaptations in the sampling designs to meet data requirements

a�ected the format, amount, and type of information stored in the data, which in turn

a�ected the model requirements. Hence, both ecological knowledge and data characteristics

determined the model requirements for both case studies.

10.5.1 Integration of ecological knowledge and data characteris-

tics

For both case studies, data was zero-in
ated. The many absences of �sh species per

observation in the video transect data sets (chapters 4 and 6) and residencies of migrating

eel in the telemetry data set (chapter 9) were introduced as zero values. Although for both

data sets GLMMs were used, the constructed models had a distinctive framework with

di�erent methodological, ecological and statistical assumptions. This was mainly because

of the di�erent assumed origins of the zeros (Blasco-Moreno et al., 2019; Zuur et al., 2009).

The observed absences (zeros) in the video transect data set could have been the result of

habitat unsuitability (real negatives), but might also have been the result of species not

being observed despite being present (false negatives), because they hid, swam away or

were just simply overlooked by the observer. The zeros in the telemetry data were the

result of observed residencies, and since the detection probability of the network was very
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high (95.8-97.0 %), it is unlikely that a residency would actually have been a movement

interval (the opposite, movement intervals actually being (cryptic) residency intervals was

much more likely). Hence, the di�erent origins of the zero values in both data sets were the

consequence of di�erent degrees of detectability, inherent to the sampling technique.

Depending on the origin of these zeros, zero-in
ated models or hurdle models are used.

Hurdle models assume that there is only one process by which a zero can be produced (i.e.

habitat unsuitability), while zero-in
ated models assume that zeros can be produced by

two di�erent processes (i.e. habitat unsuitability and sampling error). Consider a system

that is either \on" or \o�". In practice, the �rst part of both models is similar in that the

probability of the \o�" state is estimated. During the \o�" state only zeros are possible.

The second part is di�erent for both models and consists of modelling the \on" state. In the

case of zero-in
ated models, during the \on" state both zeros and non-zeros are possible,

but in the case of hurdle models only non-zeros are possible during the \on" state.

Within the �eld of ecology, zero-in
ated and hurdle models typically refer to models able

to deal with count data in
ated with observed absences (Blasco-Moreno et al., 2019; Zuur

et al., 2009). Although continuous and proportional ecological data sets are omnipresent,

model equivalents for these types of data have not been used very often yet. However, for

continuous ecological data, similar models could be used with the exception that Gaussian

or Gamma distributions are preferred over Poisson or negative binomial distributions, with

the latter more appropriate for count data. Indeed, the continuous equivalents of hurdle

models, i.e. two-part models, which were found successful in econometric studies to model

human customer behavior, also turned out to be promising to model animal movement

behavior.

The choice for a zero-in
ated, hurdle or two-part model in ecology is generally invoked

by violations against the statistical assumptions of the used distributions, rather than

by an awareness that di�erent processes and/or magnitudes of these processes might be

responsible for generating a zero versus non-zero value (Allison, 2012; He et al., 2014). A

zero-in
ated gamma model might be used to account for the fact that gamma distributions

do not contain zeros by de�nition, and might outperform a similar one-part Gaussian linear

model. However, the ecological meaning of two-part models outperforming one-part models

is more interesting to consider as it suggests that both parts of the two-part model are

a�ected by di�erent ecological processes and/or behavioral responses.

Furthermore, a three-part model distinguishing between (i) observed zeros, (ii) observed

movement and (iii) observed movement with a travel delay because of cryptic residencies,
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seemed to further improve model performance as it even approximated that of machine

learning. Statistical models are generally preferred over machine learning when the number

of available predictors is limited and the main purpose is to infer ecological knowledge, while

the contrary is true if predictive performance is deemed more important than inference.

Since researchers often seek to optimize both knowledge and predictions, a mutually

exclusive approach should be avoided. To model eel movement, we started o� with a simple

linear regression (i.e. one-part model), then moved further to a two-part model which

combined a binomial regression with linear regression, and �nally ended up with a three-part

model which combined a multinomial model (via neural networks, i.e. machine learning),

generalized linear regression with gamma distribution and linear regression. Because each

step of the model improvement was supported by ecological knowledge, i.e. being aware that

the conditions that cause eels to reside or to move might be di�erent, and methodological

considerations, i.e. residencies taking place between gates are not directly observed but do

cause a travel delay, the �nal three-part model remained interpretable. The conditional

inference random forests provided similar results, though less informative, and had only

slightly higher or lower predictive performances than the developed three-part models.

Hence, appreciating the potential complexity of animal behavior and awareness of the

statistical framework that machine learning algorithms are built upon, provides researchers

with the best machine learning has to o�er without compromising the lessons learned from

statistical models.

10.6 How to integrate new ecological knowledge (and

uncertainty) in monitoring?

Gained ecological knowledge does not only allow for informed environmental management

but also for informed monitoring. As both �sh assemblage structure and diversity of the

Galapagos coastal areas seemed a�ected by pollution, both the biological and environmental

state of the ecosystems should be monitored continuously. However, determining �sh

assemblage structure is labor intensive, limiting the number of locations that can be moni-

tored with given funds. Instead, presence of species indicative for certain �sh community

structures (see section A.3.3) might be used instead. Furthermore, species indicative for

certain environmental states (see section A.2.3), would reduce the need for environmental

measurements. Given the increasing ecotourism and environmental awareness in the Gala-

pagos in combination with the rising number of citizen science initiatives (Chiriboga et al.,
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2019; Izurieta et al., 2018), the presence of ecological indicator species could be relatively

well determined without the need for major funding. It should be noted however, that

instantaneous �sh displacement and observer e�ects were less of an issue for the assessment

of �sh assemblage structure and composition than for the assessment of abundance and

presence of individual species. Although involving relatively inexperienced citizens and/or

focusing on single species will allow for quicker results compared to standardized assessments

of �sh assemblage structure and composition, it will also be characterized by higher levels of

uncertainty. For example, while ecological analysis suggested that the chameleon wrasse was

best suited to serve as an indicator species of non-polluted coastal sites (Indval-score=0.913),

methodological analysis indicated a relatively large sampling variability of �sh counts of the

species (ICCSampling =0.87). The spinster wrasse scored slightly worse as potential indicator

species (Indval-score=0.906), but had a much lower sampling variability than the chameleon

wrasse (ICCSampling =0.49), making the former a more recommendable species to look for

during monitoring.

Because of the established complexity of �sh movement behavior, telemetry techniques that

allow to combine position estimates, with ambient physical (e.g. depth and temperature)

and physiological (e.g. thermoregulation and heart rate) measurements, are promising tools

to �ne-tune ecological knowledge. In the speci�c case of selective tidal stream transport,

accelerometers may be useful to provide more �ne-scale estimates of movement behavior.

In the telemetry chapters on uncertainty and statistical models, respectively the lacking

detection probability and detection range variability were identi�ed as important limitations.

Detection range tests, quanti�cation and propagation of statistical uncertainty and more

complete network design assessments are vital next steps to optimize monitoring.

10.7 How to integrate new ecological knowledge (and

uncertainty) in environmental management?

When aiming to understand and/or manage ecological systems, the level of uncertainty is

often extensive as it can originate from the system, observations, modelling, interpretation

and communication. Although ideally all uncertainty should be acknowledged, quanti�ed

and reduced (if possible), resources are limited and priorities should be determined using a

preliminary assessment of (i) the importance in terms of e�ects on management outcomes

and (ii) the controllability (Milner-Gulland and Shea, 2017). Value of information (VoI)

and cost-bene�t analyses can be used to quantify and balance the bene�t from additional
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information and the cost of associated investments on management outcomes (Canessa et al.,

2015). In chapter 4, nutrient pollution that seemed to negatively a�ect �sh assemblages could

not yet be retraced with certainty to the source. Since the underlying but undetermined

drivers, e.g. tourism, and pressures, e.g. agricultural runo�, are more suited and e�ective

to tackle than the a�ected environmental state itself, further studies would be required to

identify more tangible targets and concrete management actions.

Uncertainty is likely to persist, but decision-making will have to be done regardless. Both

decision analysis, i.e. making optimal choices given the conditions of uncertainty, and

scenario analysis, i.e. considering a range of possible outcomes, have been used successfully

to provide more robust environmental management (Corsair et al., 2009; Fu et al., 2018;

Peterson et al., 2003). Rather than optimizing management actions for a limited window of

future outcomes while ignoring uncertainty, a more resilient approach balancing e�ectiveness

and uncertainty is to be preferred. For instance, instead of adopting the water quality

criteria for seemingly similar systems, the ecosystems of the Galapagos islands will likely

bene�t from more locally and seasonally adapted criteria. In addition, when delineating the

borders of areas of seemingly ecological importance in the Scheldt Estuary based on the

residence time of tagged �sh, spatial uncertainty boundaries could be integrated to balance

spatial and temporal uncertainty. Furthermore, considering di�erent levels of di�cult to

control factors including recruitment, hydrological alterations, climate change and biotic

interaction could provide more robust strategies to safeguard the survival of European eel.

A practical implementation of management to address uncertainty in decision making

includes the use of adaptive management (Holling, 1978). Instead of designing management

actions solely based on current knowledge and improving them after implementation and

evaluation, adaptive management directly integrates a learning aspect by accounting for

the critical thresholds of the system and providing the possibility to redirect management

actions (Webb et al., 2017). As such, uncertainty becomes an integrated part of management

with management policies serving as hypotheses (Davis and Shaw, 2001). However, unlike

disposable mesocosm experiments and virtual environments, disturbances of macrocosm or

real-life natural systems often result in harmful altered states which might be de�nitive or

in need of a long period of time to recover (Webb et al., 2017). Therefore, trial-and-error

approaches are dangerous generators of ecological management-oriented knowledge and a

more proactive and precautious approach would be preferred. For example, the e�ect of

multiple actions including barrier removal, barrier height reduction and �shway installation

on �sh migration have been assessed in depth in the River Derwent Restoration Plan
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and have led to several successful adaptations (Birnie-Gauvin et al., 2017). It should be

noted however that unlike scenario analysis, adaptive management requires some level of

controllability and measurability: If the e�ects of alternative management actions cannot

be readily observed in the system, its direct usefulness is limited (Peterson et al., 2003).

Nevertheless, the underlying framework to balance research and management could be

useful to acknowledge the wide range of sources uncertainty can arise from and the impacts

it might have on management outcomes.

The close connection between research and management of aforementioned management

strategies will be strongest if the aspects within the research process are closely connected

as well. Hurdles encountered by managers and the resulting research questions might

be resolved by the reevaluation of ecological models, but they might also require more

fundamental changes in the used sampling techniques and designs. Therefore, despite

their di�erences, all management strategies are likely to bene�t from a holistic scienti�c

optimization approach.

10.8 Concluding remarks

The aim of this thesis was not to provide perfect sampling techniques with standardized

guidelines for data collection, analysis and interpretation, but rather to illustrate the

usefulness of an integrated approach to optimize the entire scienti�c procedure, from

monitoring to management (and back). In this thesis, accounting for sampling variability,

spatial and temporal variability, �sh behavior, and detectability allowed to evaluate and

optimize the sampling designs of video transects, while balanced data requirements and

data-relevant response variables allowed to evaluate and optimize data generated by passive

telemetry networks. More informative data sets and more informed sampling designs in

combination with new ecological knowledge, allowed to evaluate and optimize the ecological

models, which in turn provided new ecological knowledge that could be used to improve

both monitoring and management.

The performance of sampling techniques and designs is strongly dependent on the applied

situation, and even the best available technique for a speci�c situation is unlikely to be

perfect. Although unobtainable in practice, perfection is relatively easily translated in

targets. For example, observer biases and observer e�ects should be absent, all required

information should be stored in the data and models should generate highly reliable outputs

which are of direct use for decision makers. Perfectness is, however, not of this world and
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researchers should �nd ways to deal with limitations in an optimal way. Unlike the pursuit

of perfectness, optimization requires tangible and speci�c targets as it typically involves a

chain of resources-constrained optimization steps, during which priorities have to be set.

Researchers often focus on one aspect of the scienti�c process to optimize, while taking into

account the limitations of the other aspects as �xed attributes. The author of this thesis

underlines the usefulness of a more holistic approach in which the entire scienti�c process

is considered for optimization, even if this ultimately results in the optimization of only

one aspect. This approach not only allows researchers to think about the repercussions

changes of one aspect will have on the other aspects, it also allows researchers to identify

low-hanging fruit to target �rst when optimizing methodologies, even if it is outside the �eld

of expertise of the researchers. However, to determine, for example, whether the trade-o�

between model re�nement and additional data collection is in favor of the former or the

latter, transparent communication and collaboration between model developers and �eld

researchers is required. How this model re�nement or additional data collection will be

implemented should also be discussed within the context of this collaboration of researchers.
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