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Abstract

Fleet dynamics are an important, but understudied aspect of fisheries management. The
fleet dynamics of the Gulf of St. Lawrence snow crab (Chionoecetes opilio) fishery were
examined using two approaches: 1) examining spatial associations based on homeport
location, vessel knowledge of the fishery and their impacts on catch rates, and 2)
applying an agent-based model to the fishery to examine impact of having pre-season
survey information. There were overall higher levels of clustering of vessels who had
extensive knowledge of the fishery (traditionals) and the non-traditionals were fishing in
similar areas as traditional vessels. Lower levels of clustering were observed among the
non-traditional vessels. There were higher total landings with pre-season survey
information. Examining how vessels associate gives insight into fleet dynamics, which

may be important in management decisions.



Acknowledgements

My sincerest gratitude to everyone who has helped me along this journey. First of
all this thesis would not have been possible without the guidance and patience from my
advisor Darren Gillis. | appreciate the opportunity to have worked with you. I extend my
appreciation and thank my committee, James Hare and Julien Arino for their helpful
input on my project. This project wouldn’t have been possible without the help from
Elmer Wade at the snow crab section of Fisheries and Oceans Canada in Moncton, who
kindly provided me with data, and answered all of my questions along the way.

Graduate school wouldn’t have been such an amazing experience without the
support of the graduate students. This project wouldn’t have been completed without the
love and support from my family and friends; especially Lynn Caunter, Melissa Brochu,
and Elise Couillard.

This thesis was funded through a Research Discovery Grant provided to Darren
Gillis from the Natural Science and Engineering Research Council of Canada (NSERC)
and the Graduate Enhancement of Tri-Council Stipends (GETS) fund through the

University of Manitoba.



Table of Contents

ADSTTACT ...t nr b i
ACKNOWIBAGEMENTS ...t nreeeeenes iii
LISE OF TADIES.....eceieee bbbt %
LIST OF FIGUIES ..ottt et sttt sreene e vi
Chapter 1 — General INtrodUCTION ........ccooiiiiiiiii s 1
ChION0ECETES OPTHO ...t 5
THE FISNBIY ... bbb 6
TRESIS GOAIS ...ttt bbb 11
RETEIENCES ...ttt bbb bbbttt bbb r e 13
Chapter 2 — Impacts of Vessel Dynamics of the Gulf of St. Lawrence Snow Crab
(Chionoecetes opilio) Fishery on Spatial Associations and Catch Rates ..............cc......... 19
ADSTFACT ...t 19
INEFOTUCTION ...ttt ettt bbb benre s 20
Materials and MELNOUS ........cveiieiiee e 29
TRE FISNEIY ..ot 29
Data Preparation ..........cociioieieieie ettt 31
RESUILS ...ttt et e et ane e re e teereenre et 38
[ o011 (0] o SRR PP 55
RETEIBNCES ...ttt sttt e et 62
Chapter 3 - Modelling Vessel Dynamics of the Gulf of St. Lawrence Snow Crab
(Chionoecetes opilio) Fishery Using Agent-Based Modelling............cccoovevevveiiiininennn. 68
ADSTFACT ...ttt ens 68
L oo [0od 1 o] o RS RRURTPTURPRRN 69
Materials and MEtNOUS ........cviiieiiee e 73
Agent-based modelling uSing NetLOgO .........cooiiiiiriiieieie e 73
TRE FISNEIY ..o 74
RESUILS ...ttt et et e et e e te e e eneenreeteaneenreenee s 85
DISCUSSTON ...ttt ettt s ettt e s bt et e st e e be et e sseesbeetesneesbeenee s 98
RETEIBNCES ...ttt sttt r et ene e 108
Chapter 4 - CONCIUSION ......oiuviiiic et re e e be e eare e 116
RETEIBNCES ...ttt sttt et ene e 121



List of Tables
Table 2.1 Results from the additive mixed model estimating trends in catch rates..........

Table 3.1 A conversion table for what year each NetLogo year represents in the snow

crab fishery in the GuIf Of St. LAWIENCE. . ....coovi i e

53



List of Figures

Figure 1.1 A map of the Gulf of St. Lawrence snow crab fishery focusing on zone

Figure 2.1 A map of the Gulf of St. Lawrence snow crab fishery focusing on zone

12 and all 86 NOMEPOITS. ........oiuiiiiiieeie e 22

Figure 2.2 A A bar graph looking at the number of licenses given to each type of
QLIS I 0T Y- PSSR SSSSRSN 23

Figure 2.3 Landings in kilograms of the Gulf of St. Lawrence snow crab fishery in
zoNne 12 from 1990-2013. .....ocieieiieiieie ettt n e 33

Figure 2.4 A) A correlogram plotting the results from Mantel test using the full
AALASEL. ©eovveeieie e Error! Bookmark not defined.

Figure 2.4 B) A correlogram plotting the results from Mantel test using the focus
ALASELS. .. .ocveeeeeeie e s Error! Bookmark not defined.

Figure 2.5 A boxplot representing the Mantel statistics for both the full and focus

0 Fo U =] TSRS Error! Bookmark not defined.
Figure 2.6 The results of the full dataset from 1995-2013 of Ripley's K estimate for
TrAdITIONAL VESSEIS. ...t nre e 43

Figure 2.7 The results of the focus dataset of Ripley’s K estimate for traditional
VESSEIS .ttt E bt b ettt n et a e n e 44

Figure 2.8 A boxplot of Ripley’s K standardized distance values for the full and

focus datasets and the landings for each year. ..........cccccooveiieiiicic i 45
Figure 2.9 Ripley’s K value estimates from the full dataset among non-traditional

LY=L USSR P PR PRSI 47
Figure 2.10 The results from the focus homeport dataset for Ripley's K estimate

among the non-traditional VESSEIS..........c.ccooviiiiiie e 48
Figure 2.11 A boxplot of Ripley’s K values for the full and focus dataset examing a

SEANUANTIZEU QISTANCE ...t e te e s s eseeeseesneneeenennssnnnnnnnnnn 50

Vi



Figure 2.12 Ripley’s K estimates of the full dataset examining clustering between
traditional and non-traditional VESSEIS. ..........ccoiiiiiiiise e 51
Figure 2.13 Ripley’s K estimates of the focus homeport dataset for the non-traditional
10 traditioNal VESSEIS. .......cuieiiciice e 52
Figure 2.14 The smoothed predictors (with the degrees of freedom in the brackets) of
the additive mixed model are year, and day of year (DOY) fished. Error! Bookmark not
defined.

Figure 3.1 A map of the Gulf of St. Lawrence snow crab fishery.............cccooevviiennnn. 75
Figure 3.2 A map of zone 12 in the Gulf of St. Lawrence snow crab fishery in
N 1=3 4 0 o o TP 77
Figure 3.3 A) The total landings of every trial each with 25 years of results B) the
unique trials total landings across trialS. .........c.ccoveieeieiie i 86
Figure 3.4 Snow crab abundance and the total landings for the whole fishery each season
ACTOSS EXPEIIMENTS. ..eiuviiiiiiteeite ettt ettt et et e et et e et e e e e sbe e b e eseesbeebesanesaeenreenne e 87

Figure 3.5 A) The total landings of every trial each with 30 replications of results

B) the unique trials total landings across the survey and naive trials. ............ccccccovennenne. 88
Figure 3.6 A correlogram representing the results from the Mantel test...............c.......... 90
Figure 3.7 The results for Mantel tests across the different trials...............ccccooevviennnnn. 91

Figure 3.8 The results for Mantel tests across the different trials for years 14 and 19..... 93
Figure 3.9 The results of Ripley's K estimate for others-weight of 1 for the homeport
COMMUNICALION TFIAL ... e 94

Figure 3.10 The standardized Ripley’s K value across the different trials....................... 95

vii



Figure 3.11 The standardized Ripley’s K value across the different trials for years

T4 AN 19 bbbttt bbb e ne e 96
Figure 3.12 The standardized Ripley’s K values of each type of association. .......... Error!
Bookmark not defined.

Figure 3.13 The standardized Ripley’s K values of each type of association for

years 14.and 19. .....ccoviiiiiie e Error! Bookmark not defined.

viii



10

11

12

13

14

15

16

17

18

19

20

21

22

23

Chapter 1 — General Introduction

Fisheries are an important contributor to Canada’s economy. In Canada, during
the 1980’s both the Pacific and Atlantic fisheries were considered to be in crisis (Hilborn
1985), with resulting consequences on the economy. Pacific salmon and northern cod
were hit the hardest and research suggested the main cause was not a shortage of fish, but
rather the understudied human aspect of fisheries. The collapses were not due to a poor
understanding of the biology of the fish populations but the mismanagement of fishers,
decreasing fish prices, the processing facilities and over expansion of fishing fleets
(Troadec et al. 1980, Dragesund et al. 1980, Loch et al. 1995, Salas and Gaertner 2004,
Branch et al. 2006, Beecham and Engelhard 2007). Hilborn and Ledbetter (1979),
Hilborn (1985), Branch et al. (2006), and Fulton et al. (2010) stated that there is still a
lack of research on vessel dynamics and the impact on fish abundance. In the past vessel
dynamics has led to fisheries crises worldwide and should be a focus in future fisheries
research. The complexity of human behaviour could be having unknown effects on
fisheries worldwide (Fulton et al. 2010). Fisheries are considered to be the last remaining
example of ancestral hunting where there is a discovery and exploitation phase, with the
ability for adaptation, creativity and learning (Allen and McGlade 1986, Salas and
Gaertner 2004). What make fisheries so difficult to understand are the four main
interacting elements: population dynamics, processing, marketing and fleet dynamics,
with fleet dynamics being the least studied among them. Fleet dynamics are influenced
by ocean climate, hydrology, biological oceanography, fish ecology, and human
behaviour (Hilborn 1985, Allen and McGlade 1986) and this complexity may be a

primary factor in decreasing fish stocks worldwide. Proper management begins with
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understanding fleet dynamics and the human behaviour behind communication (Fulton et
al. 2010, van Putten et al. 2011).

Crashes in fisheries are not only an issue within Canada, but globally as well.
Peru experienced a crash in the anchoveta (Engraulis ringens) fishery in 1971 (Troadec
et al. 1980). As in most fisheries, the Peruvian anchoveta fishery began with rapid
development, stabilized, and then began decreasing, but in this case, the decreasing stage
led to a commercial extinction. The anchoveta fishery was important not only for human
consumption but was the food source for many marine fishes, and for this reason was
well studied. Many suggested the collapse was due to the El Nifio, but studies now
indicate it was poor management strategies in response to a period of low recruitment and
higher vulnerability coupled with the EI Nifio, and by not reducing harvesting during this
time. There were studies suggesting there were biological warnings, but the Peruvians did
not respond in time, resulting in a fishery exploited to commercial extinction (Troadec et
al. 1980, Hilborn 1985). The Norwegian herring (Clupea harengus) fishery also
experienced a collapse due to poor understanding of the non-biological aspects of the
fishery (Dragesund et al. 1980, Hilborn 1985). Management did not respond quickly
enough to decreasing fish stocks by lowering the harvest rates. Catch per unit effort
(CPUE) was not proportionate to the Norwegian herring stock sizes, and led management
to believe the stock was higher than it actually was. There were also issues at the
international level of who exactly should be lowering their harvesting rates and economic
issues. It wasn’t poor understanding of the biology of the herring fishery but issues at the
management level in proper understanding of the complexity of CPUE. At the time of

these collapses it was generally believed that crashes in stocks were due to an inadequate
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understanding of the biology of the system, although now, studies conducted by
Dragesund et al. (1980), Troadec et al. (1980), Hilborn (1985), Loch et al. (1995), and
Beecham and Engelhard (2007) indicated that both of these crashes, along with most
declines in fish stock, are due to external factors of the fishery such as fisher behaviour.
The next step for fisheries is to study fleet dynamics to examine possible impacts of
communication on catch rates and how vessels share their information.

Fisher behaviour can be influenced in many ways; such as the price of targeted
species, abundance, and the information they obtain while fishing (Salas and Gaertner
2004). Information exchange in a fishery can happen in two ways: public, and personal or
private (Valone and Giraldeau 1993). Public information is given to all the foragers (the
fleet or fishers) on the abundance and distribution of the resources (fish). Private and
personal information is gathered by the individual, based on their experience level and is
not widely available to the other foragers without direct communication. Fishers develop
strategies and knowledge over time, and in many tight knit communities this may be
increased through communication. In many fisheries it is difficult to measure
communication directly without monitoring radio conversations, and every conversation
while at port such as in the study done by Palmer (1991) in the lobster fishery off the
coast of Maine. In a fishery where there are a limited number of fishing vessels this might
be more feasible than in the snow crab fishery, where there are 200 or more vessels
fishing from 86 homeports across four Canadian provinces. Studies have shown that
communication reduces the variability around catch rates (Salas and Gaertner 2004) and
the time spent trying to find productive fishing grounds (Poysa 1992). Communication

can vary based on the experience of the vessel and how successful they are (Hilborn
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1985, Salas and Gaertner 2004, van Putten et al. 2011). Not only is communication
difficult to measure, it can change over time, changes amongst the different fishing
strategies, and there are even short-term changes in fishers behaviour within a season.
Studies addressing vessel dynamics are slowly increasing in number and have
examined the range of differences in fisheries communication, from sharing frequently
(Gillis and Showell 2002), to being secretive, and sharing nothing at all (Anderson 1973).
Levels of information sharing are dependent on the fishery, the vessel’s crew experience
and strategies, and whether it is a specialist or generalist fishery (Salas and Gaertner
2004). A study done by Anderson (1973) showed that trawlers tried to control their
information rather than sharing it and some skippers even created code to ensure their
information was private. On the other hand, a study done by Gillis and Showell (2002)
showed that in the silver hake (Merluccius bilinearis) fishery off the coast of Nova
Scotia, fleets shared their information frequently amongst themselves. Studies on the
Maine lobster fishery (Acheson 1975, Palmer 1991) concluded there was some form of
communication occurring amongst vessels, as there are certain areas that are restricted to
newer fishers where the experienced fishers will not allow them to fish. Palmer (1991)
stated that the lobster fishers off the coast of Maine are known to go to great lengths to
protect their knowledge and are the most secretive fishers on the coast. He was able to
monitor communication between vessels by listening to radio conversations and talking
to crew while at dock in a small fishery, and had adequate representation of
communication. A reason for communicating can be to help out their friends or family
members to ensure they meet their quotas. Communication amongst the fleet may help

decrease the uncertainty around catch variability (Salas and Gaertner 2004) as well as
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decrease the time spent foraging for productive areas (P6ysa 1992). The main issue with
analysing vessel dynamics is that normally it is difficult to measure communication
between vessels without monitoring radio communication or communication while at
port. Cooperation is fluid and changes over time, and may be dependent on the success of
those in the group and is another reason measuring communication is difficult. This thesis
will examine spatial associations, which are presumably the result from communication,

in the Gulf of St. Lawrence snow crab fishery.

Chionoecetes opilio

Snow crabs are crustaceans with a flat, round body and are measured by their
carapace width. They have a complex life cycle where they grow through a molting
process in which they shed their old shell and a soft new one forms that will eventually
harden with a larger size then the previous (Siddeek et al. 2009). Unlike lobsters, snow
crabs do not molt their entire lives. Just after they have molted, the shell is white and
extremely soft, and at this point is known as a “white crab”. When the shell hardens and
ages, they become a green-brown colour with a yellow ventral side (Fonseca et al. 2008).
A snow crab will reach its final molt known as their terminal molt once they have
reached sexual maturity. Before their terminal molt they are known as an immature or
adolescent crab (Siddeek et al. 2009). Females stop growing once they attain a wide
enough abdomen to carry their eggs, which is less than 95 mm (DFO 2016). Since female
carapace width (CW) does not exceed 95 mm, management can effectively protect them
by only allowing snow crabs with a CW greater than this to be fished (Swain and Wade
2003, DFO 2016). Full-grown males can be almost twice the size of female crabs but stop

growing once they develop large claws on their first pair of legs which usually occurs
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once their CW is between 40-150mm (DFO 2016). Males tend to live 5 to 7.7 years after
their terminal molt (Sainte-Marie et al. 1995, Fonseca et al. 2008). Female snow crabs
carry their eggs under their abdomen for about two years in the Gulf of St. Lawrence
(GSL). The eggs hatch in the late spring/early summer. The crab larvae will then spend
on average 12-15 weeks in the water column before settling to the bottom of the ocean
(DFO 2016).

Mature snow crab live in muddy or sand-mud bottoms at a temperature range
from -0.5 to 4.5 °C at depths of 70-140 m. Females remain together in larger groups
while males distribute themselves more randomly (Biron et al. 2008). After tagging
experiments in the GSL were conducted, it was observed that there were no patterns in
the seasonal movements of male snow crabs. They are slow moving but results show that
even though 80-90% of the males were recaptured within 25 km from their release point,
some had travelled up to 50 km in less than a year meaning they are not sedentary (Biron
et al. 2008). It is not well documented where the juvenile snow crabs live. Since snow
crabs are slow moving, the survey data collected at the end of each season by Fisheries
and Oceans Canada (DFO) can provide a fairly accurate representation of what next

season’s snow crab distribution will be.

The Fishery

The GSL snow crab (Chionoecetes opilio) fishery began in 1965 when the
Government of Canada explored the Gulf for the potential of a fishery (Hare and Dunn
1993, Loch et al. 1995, Comeau et al. 1998). Presently the Canadian snow crab fishery is
located on the east coast of Newfoundland and Labrador, in the estuary, GSL, and around

Cape Breton Island. The GSL fishery is split into different management areas and the
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focus will be on zone 12 (main midshore fishery) (Figure 1.1). Area 12 is the largest in
terms of area, landings, and number of vessels fishing (DFO 2016) and will be the focus
of this thesis. After the collapse of the Atlantic cod (Gadus morhua) fishery the snow
crab fishery flourished (Boudreau et al. 2011). By 1988 the fishery was producing $150
million per year and then in 1989, appeared on the brink of a collapse (Hare and Dunn
1993). After this significant decrease in snow crab abundance, management and industry
have cooperated in maintaining a long-term sustainable fishery (Caddy et al. 2005). The
fishery is now considered to be well-managed (Loch et al. 1995) by implementing
strategies such as protecting female snow crab by only allowing males to be fished,
limiting the fishing season, monitoring the total allowable catch (TAC) which is then
divided into individual quotas, limits on traps, the percentages of total catches that are
white crabs, and monitoring of fishing grids (Comeau et al. 1998, DFO 2016). These are
common strategies in many fisheries (Salas and Gaertner 2004) and are effective, but the
snow crab population is still on a slow and steady decline, so further research into other
aspects of the fishery is required.

Each fall an annual survey takes place after the fishery ends to estimate the
number of commercial-sized males and females to determine the recruitment and
population biomass for the next season. The annual survey is done using kriging to
determine the total allowable catch (TAC) and estimates of the snow crab biomass for the
next fishing season (Sideek et al. 2009). Kriging is performed with external drift (a
geostatistical technique) (Webster and Oliver 2001) using depth as a secondary variable
(Wade et al. 2014). Kriging is done to estimate a random variable at one or more

unsampled areas. The drift represents a mean that is not stationary. The information from
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Figure 1.1 A map of the Gulf of St. Lawrence snow crab fishery. Zone 12 is the focus
for the thesis, as it is the largest in terms of size and number of vessels fishing each
season. Vessels originate from four provinces: New Brunswick, Quebec, PEI, and
Nova Scotia.
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this survey is given to every vessel at the beginning of the next season, and for this thesis
will be considered as public information.

The fishery is made up of three types of vessels; traditional, non-traditional and
First Nations vessels. For this thesis, the First Nations vessels were dropped from
analysis as only a couple (0-3 per year) were fishing throughout the years studied.
Traditional vessels were the original vessels that have been fishing since the 1960’s.
Traditional vessel licenses can be passed down within a family (DFO 2016, E. Wade,
Gulf Fisheries Centre DFO, Moncton, Canada, personal communication, 2016). The
traditional vessels are allocated a maximum of 150 traps per licence (Charles et al. 2014,
DFO 1995, Gillis et al. 2006). The non-traditional vessels tend to be lobster fishers who
come into the snow crab fishery in years when the lobster biomass is low (Gillis et al.
2006). Therefore the traditional vessels crews tend to have more knowledge of the fishery
in comparison to the non-traditional vessels. The non-traditional vessels are given a
maximum of 50 traps, due to their smaller-sized vessels. The fishers use baited wire or
steel traps (DFO 2016). Licence allocations are decided at the beginning of the season
from the results of the post-season survey the previous year.

Fishing vessel behaviour is made up of multiple aspects: economic, sociological
and information science (Salas and Gaertner 2004). Inadequate understanding of these
aspects by management can cause severe consequences, or the extreme result of a
complete loss of the fishery, as in the case of the anchovy fishery (Troadec et al. 1980).
The GSL snow crab fishery has been closely monitored each year by DFO since its
opening, by monitoring total allowable catch (TAC), effort controls (the number of

licenses given out, trap limits, and season length) as well as an imposed limit on the



191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

percentage of soft-shelled crabs allowed in a catch (Siddeek et al. 2009). Another way
that the fishery is limited is by only allowing snow crabs with a CW larger than 95 mm to
be harvested (Comeau et al. 1998, Siddeek et al. 2009, Emond et al. 2015) effectively
protecting females who never reach this size.

The fishery starts in spring once the ice has melted and ends once the vessels
individual quota is met as well as the TAC (Siddeek et al. 2009). Over the years,
fluctuations have been observed in the snow crab population, but a large decrease was
seen in 1986 (Loch et al. 1995, Caddy et al. 2005). Due to this large decrease,
management enforced stricter regulations to protect the fishery (Loch et al. 1995). Since
1988, there have been two significant periods of high and low snow crab abundance in
the GSL with the lows in the late 80’s and in 2000, and the larger peaks from 1992-1994
and from 2003-2006. These highs are much lower in comparison to the 1970’s after the
fishery first opened. The biomass peaks are generally always lower than the previous
peaks and the lowest levels higher than the previous. The reasons for these fluctuations
are unknown but could be due to high natural and/or fishing mortality as well as
environmental factors (Siddeek et al. 2009).

The crab fisheries face similar risks as other fisheries in terms of population
crashes; they have also been observed in the Japanese snow crab fishery in the mid-
1970’s, and the Alaskan crab fishery in the mid 1980’s (Loch et al. 1995, Hardy et al.
2011). Due to these crashes and the need for crab in these locations, the snow crab fishery
in the GSL’s leading exports are to the United States of America and Japan (E. Wade,
Gulf Fisheries Centre DFO, Moncton, Canada, personal communication, 2016). Although

the GSL snow crab fishery is well studied, there is a lack of knowledge on fleet dynamics
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and the impacts on catch rates. A first step toward understanding fleet dynamics is to
examine whether vessels are fishing in similar areas. Spatial associations can have one of
three outcomes, clustered, dispersed or random distributions. It is impossible to measure
communication in this fishery, but it is possible to look at fishing location patterns using
available data on: homeport location and vessel type. Understanding spatial distributions
in ecological contexts has been stressed by Dixon (1994) to implement better
management strategies and understanding of the system’s dynamics. The result of social
interactions on fishing effort allocation can be examined by exploring possible factors
influencing information sharing and how vessels are distributed on the water. Catch rates
and abundance may be influenced by fish distribution and how fishing vessels allocate
their effort (Hilborn and Walters 1987, Holland and Sutinen 1999). Coupled with proper
understanding of the biology of the snow crab, examining vessel dynamics in the future
could help explain how vessels are associating in the snow crab fishery and thus have
possible implications for the stock, and help inform management in establishing
successful harvest strategies. The biology of snow crab is well studied, therefore the next
step is to examine the social aspects of the fishery to help prevent a crash in one of

Canada’s most lucrative fisheries.

Thesis Goals

The goal of this thesis is to examine spatial associations in the GSL snow crab
fishery and is divided into two main sections. The first (Chapter 2) examines spatial
associations among fishing vessels and patterns in fishing success (catch rate). The
second (Chapter 3) develops an agent-based model using historical abundance patterns of

the GSL snow crab fishery to probe possible factors effecting effort allocation and fishing
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success. The results of this model solidify the conceptual model of the fishery and
highlight future hypotheses for investigation. After examining the results of spatial
associations between the vessels of the snow crab fishery, an agent-based model (ABM)
will be applied to the data collected by DFO, making up Chapter 3. Incorporating the
fishery’s data into an ABM will allow me to explore the effects of varying levels of
communication and its impact on spatial associations of the fleet. This gives a base model
that can in the future be used to model the impacts of implementing different
management strategies to examine the performance of regulation protocols (Watson et al.

1993, Lempert 2002).
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Chapter 2 — Impacts of Vessel Dynamics of the Gulf of St.
Lawrence Snow Crab (Chionoecetes opilio) Fishery on Spatial
Associations and Catch Rates

Abstract

The snow crab fishery in the Gulf of St. Lawrence exhibits a quasi-cyclic
population trend on a slow and steady decline. The fishery is made up of traditional and
non-traditional vessels from four Canadian provinces. My goal was to analyze vessel
dynamics and the resulting impacts on spatial association and catch rates. Associations

between vessels from similar homeports and vessel types were analyzed using Mantel

tests, and Ripley’s K function respectively and trends in catch rates were modeled using

additive mixed models. There were higher levels of clustering between traditional vessels

and amongst the two types than just the non-traditionals. Traditional vessels also had
higher catch rates. Catch rates were higher at the beginning of seasons and decreased as

the fishing season progressed. Information is being exchanged preferentially within

vessel types in the fishery, resulting in performance differences, and should be considered

when interpreting or regulating fishing activity.
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Introduction

In the 1980’s, Canada experienced a fisheries crisis in both the Atlantic and
Pacific, where salmon, cod, and herring were hit the hardest but many other species saw
declines in their populations (Hilborn 1985). This had significant repercussions for
Canada’s economy. Studies suggest these crises were not caused by the lack of fish, but
rather external factors such as increasing fleet numbers, processing facilities, stock prices
and possibly the fleet’s dynamics (Kirby 1982, Pearse 1982). Hilborn (1985) stated that
decreasing fish populations are not only a problem in Canada but are considered a global
issue, and are the result of not understanding the fisher’s behaviours, which leads to
mismanagement of the fishery. There is presently a lack of research on this important
aspect of management according to Branch et al. (2006). Fisheries are complex systems
made up of the marine ecosystem, ocean climate, hydrology, biological oceanography,
fish ecology and the human system, which includes the crew of each vessels knowledge
and their behaviour (Allen and McGlade 1986). Hilborn (1985) described fisheries as
involving four interacting elements: population dynamics, processing, marketing and
fleet dynamics, and while the first three are well studied, fleet dynamics are not. This
leads to a gap in knowledge where management struggles to estimate the overall impacts
on fish populations by unsuccessfully tying all these four elements together.

Hilborn (1985) stated that other countries such as Peru (anchoveta fishery)
(Troadec et al. 1980), and Norway (herring fishery) (Dragesund et al. 1980) have also
seen major collapses in their fisheries due to external factors and not an inadequate
understanding of fish biology (Beecham and Engelhard 2007). At the time of these

collapses it was generally believed that crashes in stocks were due to a deficient
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understanding of the biology of the system, although now, studies conducted by
Dragesund et al. (1980), Troadec et al. (1980), Hilborn (1985), and Loch et al. (1995),
indicate these crashes were due to external factors of the fishery such as fisher behaviour.
The crab fisheries face similar risks as there were also crashes seen in the Japanese snow
crab fishery in the mid-1970’s, and the Alaskan crab fisheries in the mid-1980’s (Loch et
al. 1995). Due to these crashes, the snow crab fishery in the Gulf of St. Lawrence’s
leading exports are to the United States of America and Japan to meet their demands (E.
Wade, Gulf Fisheries Centre DFO, Moncton, Canada, personal communication, 2016).
Management’s goal is to maintain sustainable fish stocks to ensure quality fish as a food
source, create jobs, and provide steady income (Branch et al. 2006).

The Gulf of St. Lawrence (GSL) snow crab (Chionoecetes opilio) fishery is
considered to be a well-managed fishery (Loch et al. 1995, Comeau et al. 1998, Emond et
al. 2015) but has a quasi-cyclic population that is on a slow decline (DFO 2016, E. Wade,
Gulf Fisheries Centre DFO, Moncton, Canada, personal communication, 2016). The GSL
snow crab fishery is one of eastern Canada’s most important economic fisheries and the
main focus for this study is on zone 12 (Figure 2.1) (Loch et al. 1995, Biron et al. 2008,
Charles et al. 2014). The fishery began in the mid 1960’s off Québec, and today has two
main types of vessels fishing: traditional and non-traditional vessels from Québec, New
Brunswick, Nova Scotia, and Prince Edward Island with 86 total homeports (Figure 2.1).
Traditional vessels have been in the fishery since at least 1997, while some have been
fishing since the 1960’s (Pinfold 2006, E. Wade, Gulf Fisheries Centre DFO, Moncton,
Canada, personal communication, 2016). The total number of licenses varies around 200

(Figure 2.2) and is dependent on pre-season survey data collected by the Department
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Figure 2.1 A map of the Gulf of St. Lawrence snow crab fishery. Zone 12 is the focus for the thesis as it is the largest in terms
of size and number of vessels fishing each season. Vessels originate from four provinces: New Brunswick, Quebec, PEI, and
Nova Scotia. The black and red points represent all the homeports, while the red points are the nine homeports from the focus
dataset with their names (Ste-Therese-de-Gaspe, Grande-Riviere, Newport Point, Gascons, Caraquet, Lameque, Shippagan,
Richibucto, and Big Cove).
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of Fisheries and Oceans Canada (DFO) on snow crab abundance. Traditional vessel
licenses can be passed down within a family (DFO 2016, E. Wade, Gulf Fisheries Centre
DFO, Moncton, Canada, personal communication, 2016). Therefore, traditional vessels
crews tend to have more knowledge of the fishery in comparison to the non-traditional
vessels crew. License trap limits are associated with vessels. Traditional vessels are
allocated a maximum of 150 traps per licence (Charles et al. 2014, DFO 1995, Gillis et al.
2006). The non-traditional vessels tend to be lobster fishers who come into the snow crab
fishery in years when the lobster biomass is low (Gillis et al. 2006). They are given a
maximum of 50 traps, due to their smaller-sized vessels (Charles et al. 2014, Gillis et al.
2006). Since the large decrease in snow crab numbers seen from 1987-89, fishers have
been working closely with DFO to maintain a sustainable fishery (Loch et al. 1995),
although numbers are still on a slow but steady decline (DFO 2016).

Hilborn (1985), Salas and Gaertner (2004) and Branch et al. (2006) have stressed
that the lack of studies in fleet dynamics and studying fishers behaviour have had huge
impacts on many fishery collapses. Vessel dynamics are fluid and dependant on the
amount of information shared through multiple forms (verbal or visual) of
communication, which is difficult to measure in this fishery. The next step to properly
manage the fisheries is to instead look at spatial associations, which is presumably the
result of information exchange (Palmer 1991, Gillis et al. 2006).

Over the past decades, the study of vessel dynamics is slowly becoming more
popular in fisheries research. A study done by Anderson (1973) showed that trawlers
tried to control their information rather than sharing it and some skippers even created

code to ensure their information was private. On the other hand a study done by Gillis
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and Showell (2002) showed that in the silver hake (Merluccius bilinearis) fishery off the
coast of Nova Scotia, the fleets shared their information frequently amongst themselves.
In a similar fishery to the snow crab, the Maine lobster (Homarus americanus) fishery,
there are certain areas that are restricted to newer fishers where the experienced fishers
will not allow them to fish according to Acheson (1975) and Palmer (1991). Palmer
(1991) stated that the lobster fishers off the coast of Maine are known to go to great
lengths to protect their knowledge and are the most secretive fishers on the coast. In the
GSL snow crab fishery, Gillis et al. (2006) showed that there was evidence of
information exchange that impacted fishing effort and could help inform management
strategies. Gillis et al. (2006) looked at whether the different vessel types from a similar
homeport were fishing in close proximity. The Gillis et al. (2006) study is a finer scale
study than this analysis where | look at the broader scale of associations using different
methodology with a larger dataset. This will allow us to obtain a broader understanding
of the possible communication occurring within the fishery.

Further exploration into the larger scale dynamics of the snow crab fleet is needed
to determine the impacts the different vessels or homeports have on the snow crab
population across years. According to Beecham and Engelhard (2007), fisher’s behaviour
is made up of three main aspects: economic, sociological and information science. A lack
of understanding of these aspects can potentially be problematic for management if the
stocks decrease too quickly to maintain a sustainable fishery (Branch et al. 2006,
Beecham and Engelhard 2007). Understanding spatial distributions in ecological contexts
has been stressed by Dixon (1994) to implement better management strategies and to

promote a better understanding of the system’s dynamics. Vessels are out for economic
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profit, but the social aspect of the fishery is what | will examine with this analysis, by
looking at possible ways information is being shared and at how vessels are distributed
on the water.

Information exchange in a fishery can happen in two ways: public, and personal
or private (Valone and Giraldeau 1993). Public information is given to all the foragers
(fishers) on the abundance and distribution of the resources (snow crab). Private and
personal information is gathered by the individual, based on their experience level and is
not widely available to the other foragers without direct communication. Both are
possible in the GSL snow crab fishery through pre-season surveys (public), in-season
communication and personal experience (private and personal).

With so many vessels fishing in zone 12, communication between vessels could
cause high levels of aggregation at fishing locations, which may lead to overfishing.
Branch et al. (2006) and van Putten et al. (2011) suggested that vessels from similar
homeports are likely family members or close friends so would be more likely to
communicate and indicate the location of a profitable area to each other. This overfishing
could then in turn lead to local decreases in snow crab abundance (Branch et al. 2006,
van Putten et al. 2011). If high abundance areas (hotspots) are located, and multiple
vessels continue to fish it, there is the potential for drastic decreases in the abundance of
stock at that location impacting recruitment, survival and abundance for the following
years. Therefore, understanding how vessels associate could help management determine
if certain locations are being targeted and the impact of clustering of vessels in these

areas on catch rates.
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Another form of association that may be occurring could be between vessels of
similar or dissimilar levels of experience within this fishery (traditional vs. non-
traditional). Crews of traditional vessels would likely know most, if not all, crews of the
other traditional vessels within the fishery and they may be friends or family members, as
they have been fishing together since at least the 1990’s and therefore may be more likely
to communicate between themselves. Hoppitt et al. (2008) stated that when learned
information is shared amongst individuals, it is rare that experienced individuals share
their information with the less experienced individuals in a population. Although
information isn’t routinely being directly shared in nonhuman mammal’s daily activities,
they may still provide information to other individuals that they are not actively sharing
(Galef and Giraldeau 2001). Considering that traditional vessels have permanent
allocations in the fishery they may be less inclined to help out the non-traditional vessels,
which are likely strangers and are less invested in the long-term goals of the fishery. This
may result in a lower chance of communication from traditional vessels to the non-
traditional vessels but not necessarily the other way around.

Local enhancement may be a contributing factor in vessels associating on the
water. According to Pdysé (1992) local enhancement can occur at fine and coarse levels.
Fine-level enhancement suggests that vessels would have higher catch rates (feeding
rates) if they were in a group and would be copying each other’s foraging behaviour.
Coarse-level would suggest that when grouping is occurring in highly abundant areas,
this attracts other foragers to the same area. Whether the leading contributor is fine or
coarse level local enhancement or a combination of the two, this would suggest that there

may likely be associations between certain vessels on the water (whether they form a
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“group” based on the level of communication as discussed previously) and this could
further attract other vessels to similar areas resulting in many vessels clustering while
fishing. It is likely with the snow crab fishery that coarse-level local enhancement may be
the contributing factor. In either case the main outcome of local enhancement is increased
feeding/foraging efficiency (P6ysa 1992). Studies in nonhuman mammals have shown
that clustering of less experienced/juvenile (non-traditional vessels) individuals occurs
when individuals observe a mature/experienced (traditional vessels) conspecific at a
foraging ground (Galef and Giraldeau 2001).

Snow crab abundance is related to catch rates. With increasing catch, abundance
will slowly and not always proportionally, decrease, so it is important to see how fishing
parameters impact catch rates to more accurately follow abundance trends. Zone 12
encompasses 86 homeports situated across the four provinces (Figure 2.1). The number
of vessels varies between ports, as well as across years. The total catch across these
homeports could vary depending on the amount of vessels fishing during the season and
the type of vessels from these ports. Beverton and Holt (1957) and Kimura (1981) stated
that catch per unit effort (CPUE) is proportional to abundance. When abundance is high,
vessels wouldn’t have to set as many traps to catch snow crabs while in lower abundance
years, effort will be higher and catch will be lower. This is not always necessarily the
case (Harley et al. 2001, Maunder et al. 2006). Maunder et al. (2006) discussed the issues
that arise with assessing fish stocks using CPUE. CPUE is rarely proportional to
abundance as there are so many factors affecting CPUE. Standardizing CPUE data is
fairly common in fisheries research to estimate abundance, but leaves little to be known

about how to manage a fishery or the effect of fishing on population and thus, other
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models can be incorporated to improve these abundance assessments. Catch may be
dependent on yearly snow crab abundance. As previously discussed, vessel type will
likely have an impact on catch rate. Since crews of traditional vessels have longer and
more extensive knowledge of the fishery, they will likely have higher catch rates than the
non-traditional vessels. Catch rates will vary across different days of the year with higher
catches occurring at the beginning of the season. Analysing vessel dynamics and
examining how vessels may be clumping may assist management in setting strategies for
the fishery by improving their ability to follow changes in abundance and predict the

effects of changing fleet activity and composition.

Materials and Methods

The Fishery

The southern GSL snow crab fishery is comprised of different management zones
and the focus of this thesis is on zone 12 (Figure 2.1) from 1990-2013. The data
employed in my analysis were collected by DFO, using landing slips and their yearly pre-
season surveys. The landing slips provided information on the vessels latitude and
longitudes for fishing location, homeport names, province, vessel type, vessel
identification, landings, day of year sailed, week fished, and effort. There were a total of
86 homeports included in the dataset from four Canadian provinces; Québec, New
Brunswick, Nova Scotia and Prince Edward Island (Figure 2.1). This zone is the largest
in terms of area, amount of fishing vessels, permits, and snow crab landings (DFO 2016,
Gillis et al. 2006). Each zone has its own management strategy, and zone 12 manages the
fishery by implementing the following strategies; not allowing females to be fished, only

allowing crabs with a carapace width of > 95 mm to be landed, the amount of licenses
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distributed each year and allowing a certain total allowable catch set by individual fishing
quotas (Pinfold 2006, Siddeek et al. 2008, DFO 2016).

The vessels fishing in zone 12 can be classified into three groups: traditional, non-
traditional and First Nations vessels. As previously mentioned the traditional vessels fish
each year and have decades of experience. Non-traditional vessels generally do not fish
every year, although they may fish for consecutive years if they do not return to the
lobster fishery.

The fishery runs from spring to early summer each year and quotas are generally
met after 10-12 weeks of fishing (Charles et al. 2014). After the fishery closes for the
season, DFO performs their annual pre-season survey (DFO 2016, E. Wade, Gulf
Fisheries Centre DFO, Moncton, Canada, personal communication, 2016) to measure the
total amount of available snow crab biomass available to the fishery for the next fishing
season. They also create an abundance map using kriging with external drift (a
geostatistical technique) (Webster and Oliver 2001) using depth as a secondary variable
(Wade et al. 2014) for each grid and give this abundance information to all the fishers for
the upcoming season (E. Wade, Gulf Fisheries Centre DFO, Moncton, Canada, personal
communication, 2016). Since snow crabs on average do not travel large distances, this
gives the fishers information on the productive fishing areas (Biron et al. 2008) and
vessels with more experienced crews may be able to use additional knowledge (such as
bathymetry, where exactly in the grid to fish, or what depth to fish at) to fish even more

effectively.
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Data Preparation

Two datasets were analysed; full and focus homeport datasets. The full dataset
encompasses all the data gathered from DFO while the focus homeport dataset is a subset
of the full, but focuses on the 9 major homeports (Figure 2.1) that represent 62% of the
total catch across the years. The full dataset was used to have a broader overview of the
fishery and then compare it to the focus homeport dataset, which examined a more
precise, higher activity portion of the fishery.

The dataset gathered by DFO had information on each vessel’s homeport name
but lacked their coordinates, therefore the geographical coordinates of the homeports
were taken from MarineTraffic (2017). The datasets fishing location coordinates (latitude
and longitude) were in decimal degrees so the homeport coordinates were converted into
decimal degrees. Each vessel’s identity was kept confidential through randomly assigned
vessel identification numbers (VID).

The full dataset had 86 homeports, spread out across Québec, New Brunswick,
Prince Edward Island and Nova Scotia (Figure 2.1). The full dataset was used in analysis
to examine homeport location impacts on associations and vessel type interactions. The
focus homeport dataset examined the homeports (Figure 2.1) that had a minimum of 50
vessels fishing each year, which represented a total of 62% of zone 12’s catch. This
subset contained four homeports from Québec: St-Therese-de-Gaspe, Grande-Riviere,
Newport Point and Gascons. There were three in northern New Brunswick: Caraquet,
Lameque, and Shippagan, and two in southern New Brunswick: Richibucto and Big

Cove.
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The number of vessels and types of vessels fishing per year varied (Figure 2.2) and their
resulting catch rates or landings as well (Figure 2.3) and therefore the years included in
the analysis varied as well. The full dataset covered different years in the Mantel and
Ripley’s K analysis. The years in the Mantel test were 1990 through 2013, while in
Ripley’s K, the years were 1995-97, 2000-13. The reason behind these differences was
that there was always a minimum of 10 vessels fishing in each year so the Mantel test
analysis included the full range of years. In Ripley’s K analysis there needed to be at least
three unique vessels of each type fishing per year, so the range of years is limited in the
Ripley’s K analysis. The focus dataset looked at the main 9 homeports and only had data
from 2001-2013, and had enough vessels and types for all those years for both the Mantel
tests and Ripley’s K analysis.

Vessel data were subsampled from two-week periods (fortnight) to reduce serial-
autocorrelation and provide a more even representation of the analysed data. Fortnight of
year (FOY) was set up as two-week periods starting from January 1% until the last day of
the fishery for any given year ranging from 9-16. The first trip made by each vessel
during a fortnight was kept for analysis. Some vessels only had a single trip while some
had multiple, so this dealt with the autocorrelation of similar fishing trips as well as not
over-representing a vessel. Also the middle FOY of the season was kept for each analysis
to represent when the most vessels were fishing, and giving the vessels enough time to
react to the information shared or gathered. It was thought that at the beginning of the
fishery not all vessels have begun fishing and they have not gathered their own
experience to communicate yet, and similarly at the end of the season not all vessels are

fishing as most quotas have been met and fishable snow crab are less abundant.
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zone 12 from 1990-2013. Landings were obtained from DFO yearly surveys. The red
line indicates the average catch from 1990-2013 and is my threshold for high (above
line) landings and low (below line) landings used in the analysis.
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Section 2.1- Vessel associations based on homeport location

To test the hypothesis that vessels from similar or close homeports would be
clustered together on the water while fishing, a Mantel test (Mantel 1967) was performed
on both the full and focus homeport datasets. Mantel tests determine whether there is
significant correlation between the two locations or coordinates in question by testing
against the null hypothesis of a random distribution (Sokal 1979, Oden and Sokal 1986,
Smouse et al. 1986, Legendre and Fortin 1989). The only assumption that restricts a
Mantel test is that the matrices must be independent from each other. In other words, one
matrix may not be derived from the information of the other (Legendre and Fortin 1989,
Legendre and Fortin 2010). To have a precise comparison, fortnights with a minimum of
ten vessels fishing were used, although generally this was not an issue except in the first
and last fortnights of some years and is why the middle FOY where chosen as discussed
previously.

The Mantel test uses two distance matrices to test for spatial correlation. In this
analysis the homeport and fishing coordinates were used to create these matrices using
Universal Transverse Mercator (UTM) coordinates and the distances between the
matrices were then calculated. They were then analysed using the ade4 (Dray and
Dufour 2007) package in R (R Core Team 2015) and a correlogram was done using the
vegan package (Oksanen et al. 2017). The Mantel tests were performed with 1000
permutations (a = 0.05) using a Pearson correlation (Legendre and Fortin 2010). For each
year (1995-97, 2000-13 for full dataset, and 2001-13 for focus dataset), the middle FOY
was used for the final analysis to represent the busiest fishing weeks by looking at the

starting and ending FOY of the season and choosing the FOY in the middle. Differences

34



681

682

683

684

685

686

687

688

689

690

691

692

693

694

695

696

697

698

699

700

701

702

between FOY were expected. During the first and last FOY not every vessel is fishing.
During the early fortnights the vessels haven’t been fishing for long, which may suggest
there is less private information to share, but more current public information from the
previous DFO survey. A correlogram was created for each of these middle FOY across
all the years to plot the changing values across increasing distances (5, 10, 15, and 20
km). These distances were chosen since the crew of these vessels can see approximately

20 km under ideal conditions while at sea (Bowditch 2002, Gillis et al. 2006).

Section 2.2- Associations based on vessel type

To test the hypothesis that vessel type impacts how vessels associate, Ripley’s K
function was used. The full and focus homeport datasets were analysed using Ripley’s K
function to examine spatial point patterns for evidence of aggregation based on vessel
type (Cox and Lewis 1972, Van Lieshout and Baddeley 1999). The vessel’s fishing
coordinates (in decimal degrees for latitude and longitude) were transformed into
Universal Transverse Mercator (UTM) coordinates, to create a spatial point pattern
matrix in Cartesian coordinates and for consistency as it was done in the Mantel tests.

The middle FOY of the fishing season was again chosen for each season to
represent when the most vessels were fishing. Analysis was done only if there were at
least three different vessels of each type, which eliminated 1990-1994 and 1998-2000.
There were always fewer non-traditional vessels fishing compared to traditional vessels
(Figure 2.2).

Associations between and within vessel types were examined using the Kcross and

Kest functions respectively in the spatstat package (Dixon 2002) in R (R Core team 2015)
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across the four distances chosen (5, 10, 15, 20 km). The equation for the Kest function is
(Dixon 2002):

2.1 K;(t) = A, 'E

Where i represents the single event type (in this case a unique vessel type), 1 is the the
density (number per unit area of events and E represents the number of extra events
within a distance t of a randomly chosen event). Kest is used to look at a single type or
observation in this case each vessel type as similar individuals. To examine spatial
patterns between traditionals and non-traditionals, Kcross is applicable to multivariate
spatial point patterns and is developed from the Kest function but is generalized (Dixon
2002) as:

2.2 Kij(®) = 2, 'E

where j represents an other unique event type (in this case to compare the two unique
vessel types, traditional and non-traditional) but i # j, and the K;;(t) function is similar
to the estimators of the univariate K;;(t) function but examines more event types or
different types of species for spatial associations and E is the number of type j events
within a distance t of a randomly chosen type i event. To test the model at a significance
level of 0=0.05, and 1000 simulations (Baddeley and Turner 2005, Dixon 1994, Dixon
2012) were done using a confidence envelope around the Ho (null) of complete spatial
randomness (CSR). A standardized distance was created by calculating the distance from
the K value to the top or bottom of the envelope minus the theoretical random value to
visually observe whether the K value was clustered, random, or dispersed. The top of the
envelope was used if the K value was above the envelope and the bottom if it was below

the envelope.
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Section 2.3- Vessel impacts on snow crab population

In fisheries, a common way to model catch in relation to effort of the vessels and
abundance of the fish (Maunder and Punt 2004) is
2.3 C =qfN
where C is the catch rate, g is a catch constant, f is the effort applied, and N is the
abundance of the targeted fished and when rearranged represents CPUE (C/f) which is
proportional to the abundance of the targeted species, and the foundation for the additive
mixed model to look at the behavioural interactions between fishing vessels and impacts
on snow crab mortality. Equation 2.3 applies when the underlying relationships are
proportional. When the relationship is non-linear then the equation is
2.4 C=qfPNY
where the exponents 8 and y represent the estimate of the linear predictor N from a
generalized linear model. This relationship can be expanded into an additive mixed
model (AMM) with additional predictors for other influences on catch beyond nominal
effort :
2.5 Yi= X0+ fi(xq)++Z;b+¢g
where Y; represents the i observation, Xi is the i t row of the fixed effect model matrix, @
is a vector of fixed effect coefficients, f() represents smooth functions of the covariate x ,
Ziis a row of a random effects model matrix while b ~ N(0, y) is a vector of random
effects coefficients with unknown positive covariance matrix y, while &i represents the
residual error (Wood 2006). The response variable for this section was logged catch in kg
and is represented by Y; in equation 2.5. The distribution of catch was skewed to the left

but when log transformed appeared to have a lognormal distribution after plotting it
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(Quinn and Keough 2002). Therefore a Gaussian distribution with a log link was used
(Zuur 2012). The response predictors used to look for trends in catch rates were year and
day of year (DOY) fished, which were smoothed using thin plate regression splines
(Wood 2006) to reduce the number of estimated parameters (2001-2013 for year, 120-
150 days for DOY). Homeport, vessel type and logged effort per day were treated as
fixed effects. Each vessel has a different crew with varying amounts of experience and
knowledge and each vessel differs in terms of make, tonnage, length, speed etc., therefore
VID was treated as the random effect to account for the individual variation amongst
vessels that is not measurable, but influences the response variable, logged catch. The
equation of the resulting additive mixed model is
2.6 log(catch) = s(year) + s(DOY fished) + B, * homeport

+ B, * status + B3 *log(effort) + VID; + ¢;

For the full dataset it was difficult to converge to a solution using an additive
mixed model (AMM) so only the focus homeport dataset was used. Trying to get
convergence around 24 years, at 86 homeports with varying levels of vessels (ranging
from zero to several hundred) and hundreds of days fished was preventing the
convergence of the full dataset. Therefore, | chose to develop the model using data from
homeports that fished more consistently through the period studied (the focus dataset) to

get a representative model for the Gulf of St. Lawrence snow crab fishery.

Results

Section 2.1- Vessel associations based on homeport location
Both results from the full and focus homeport (Figure 2.4 A and B and Figure 2.5)

datasets support the hypothesis that vessels from similar homeports are clustering on the
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Figure 2.4 A) Using a correlogram to plot the results from Mantel test looking at
four distances (5, 10, 15, and 20 km) from 1990-2013 using the full dataset. A
negative value indicates dispersion and a positive is clustering of vessels. Zero
represents a random distribution. Testing alpha=0.05. Black squares represent
significant values while the white ones are insignificant. The dashed line represents
the Ho: of a random distribution.
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Figure 2.4 B) Using a correlogram to plot the results from Mantel test looking at
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Figure 2.5 A boxplot representing the Mantel statistics across the years including all

four distance classes analysed (5, 10, 15 and 20 km) for both the Full and Focus
datasets of the statistic values in each year.
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water while fishing, although the tendency is not strong. The correlogram at all distances
for the full dataset shows a weak positive correlation between homeport location and
fishing locations that is significantly non-random in most years. The focus homeport
dataset has similar weak positive correlations across most of the years and distances

(Figure 2.4 B and Figure 2.5).
Section 2.2- Associations based on vessel type

Traditional and other traditional vessels

Traditional vessels displayed aggregation amongst themselves in both the full
(Figure 2.6) and focus homeport datasets (Figure 2.7) when analysed using Ripley’s K
function. Each of the studied years show significant spatial clustering across all four
distances in both datasets. There are some peaks and troughs in the levels of clustering in
certain years which correspond to general patterns in snow crab landing rates (Figure
2.3). There was a peak in clustering observed in 2001, which corresponded to a lower
snow crab landing year. The next trough was seen in 2010-11 and there was a peak in
clustering again. Around 2005-07 there was an abundance of snow crabs resulting in
higher landings, and lower levels of spatial clustering were observed amongst the
traditional vessels (Figure 2.8). In Figure 2.8 the standardized level of association for
Ripley’s K (standardized distance in figures) was used to visually observe whether the K
value was clustered, random or dispersed across the years for the three types of
associations and the extent, showing that traditional vessels always had higher levels of
clustering. The clustering between the two types was lower, and the non-traditionals were
lower and closer to random. There were higher landings in 1994-95, 2004-06, 2013 and

lower landings in 1990, 1998, and 2010-11 (Figure 2.8).
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823  Figure 2.6 The results of the full dataset from 1995-2013 of Ripley's K estimate. This
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Figure 2.7 Ripley’s K estimates from the focus homeport dataset looking at the
associations among the traditional vessels. The grey area shows the confidence
envelope around Ho of a random distribution. Within the grey area cannot be
distinguished from a random distribution. The red dashed line is the theoretical
values of random distribution for the data (Ho hypothesis). Anything above is
significantly clustered while below is significantly dispersed.
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Figure 2.8 A boxplot of Ripley’s K standardized distance values for the full and

focus datasets and the landings of those years to examine spatial associations across

the high and low landing years.
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Non-traditional and other non-traditional vessels

The spatial associations among non-traditional vessels differed from that of the
traditional vessels (Figure 2.9 and Figure 2.10). The results for the non-traditional vessels
varied, there was a general random distribution pattern, although there was clustering in
some years. During seven years (out of 16 total years) at 5 km there was mostly complete
Non-traditional and other non-traditional vessels

The spatial associations among non-traditional vessels differed from that of the
traditional vessels (Figure 2.9 and Figure 2.10). The results for the non-traditional vessels
varied, there was a general random distribution pattern, although there was clustering in
some years. During seven years (out of 16 total years) at 5 km there was mostly complete
clustering. The clustering between the two types was lower, and the non-traditionals were
lower and closer to random. There were higher landings in 1994-95, 2004-06, 2013 and
lower landings in 1990, 1998, and 2010-11 (Figure 2.8).
Non-traditional and other non-traditional vessels

The spatial associations among non-traditional vessels differed from that of the
traditional vessels (Figure 2.9 and Figure 2.10). The results for the non-traditional vessels
varied, there was a general random distribution pattern, although there was clustering in

some years. During seven years (out of 16 total years) at 5 km there was mostly complete
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spatial randomness in the full dataset (Figure 2.9). In the focus dataset at 5 km there were
also seven years (out of a total of 13) where patterns of aggregation did not depart from
spatial randomness, although the years of clustering observed were not far from
randomness (Figure 2.10). As distance increased, there was more clustering observed.

When there was clustering it wasn’t as strong as for the traditional vessels (Figure 2.11).

Non-traditional and traditional vessels

There was a general clustering observed between the two types of vessels in both
the full (Figure 2.12) and focus homeport (Figure 2.13) datasets. In the years 2000-01,
2010-11 there were lower landings with a peak seen in the level of clustering in both
datasets. There were increased landings from 2004-2006 and this corresponded to spatial
randomness or lower levels of clustering in both datasets similar to the single vessel type

results (Figure 2.11).

Section 2.3- Vessel type impacts on catch rate

The focus homeport dataset was examined with an AMM (Table 2.1). The model
was set up with a traditional vessel from Shippagan as the reference case (intercept) for
comparison amongst the other predictors. Shippagan is one of the original homeports
with the most vessels and since there were only two types of vessels in the analysis, a
traditional vessel was used as they are the vessels with crews who know the fishery the
best and would have been the original vessels of the fishery. Model selection was
performed using maximum likelihood to see whether homeport was significant or not and
the model including homeports had a greater likelihood ratio test value (20.5), higher
degrees of freedom (18 for full model and 10 without homeports), with a p-value of

0.008. The final model was re-estimated using restricted maximum likelihood to obtain
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Figure 2.11 Boxplots of Ripley’s K values for the full and focus dataset. A
standardized distance was calculated by (the estimated K value / (top or bottom of
envelope — theoretical random value)) to create a standardized level of association
for Ripley’s K. The top of the envelope was used if the K value was above the
envelope (clustered), or the bottom if there was dispersal. 0 was used to represent
random distribution (within the envelope). All three vessel type associations were
plotted across the years at all four distances classes (5, 10, 15, 20 km). The boxplots
represent the interquartile range (box) and 95% range (whiskers) of the K values.
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Figure 2.13 Ripley’s K estimates of the focus homeport dataset for the non-
traditional to traditional vessels. The grey area shows the confidence envelope
around Ho of a random distribution. Within the grey area cannot be distinguished
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distribution for the data (Ho hypothesis). Anything above is significantly clustered
while below is significantly dispersed.
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Table 2.1 Results from the AMM model estimating trends in catch rates. The
intercept is a non-traditional vessel from Shippagan. The smoothed terms (year and

day of year fished) are seen below. The R2=0.649, n=32560. The overall effect of

homeport was tested using a likelihood ratio test, and when compared to a reduced
model without homeport.

Standard t
Province | Parametric coefficients Estimate Error value | Pr(>jt))
NB Intercept 3.84 0.04 109.07 | <0.001
NB | homeport Lameque -0.01 0.04 -0.18 0.88
NB | homeport Caraquet 0.08 0.05 1.67 0.09
NB | homeport Richibucto -0.03 0.07 -0.46 0.66
NB | homeport Big Cove -0.11 0.05 -2.05 0.04
QC | homeport Gascons -0.06 0.07 -0.75 0.45
QC | homeport Grande-Riviere -0.12 0.07 -1.80 0.08
QC | homeport Newport Point -0.14 0.05 -2.54 0.01
QC homeport Ste-Therese-de-
Gaspe -0.05 0.05 -0.97 0.32
status Non-Traditional -0.14 0.03 4.42 <0.001
log(fishing traps/day) 1.01 0.01 188.74 | <0.001
Smooth terms:
edf Ref.df p-value
s(year) 8.75 8.75 242.8 <0.001
s(DOY .fished) 6.31 6.31 289.2 <0.001
Random Effect (VID):
Lower Est. Upper
83.62 279.66 922.60
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unbiased parameter estimates. The final model used a base case (intercept value) of a
traditional vessel from Shippagan using homeports as a variable. When the other
homeports were compared to Shippagan, only Big Cove (p=0.04) and Newport Point
(p=0.01) were significantly different from Shippagan but had slightly lower catches.
Traditional vessels had higher catches then the non-traditional vessels. With effort and
catch being logged the results revealed that effort was proportional to catch as the slope
could not be statistically distinguished from one.

The smooth terms of the AMM (Figure 2.14) represent the impacts of year and
day of year fished on catch rates. Year was influential on catch rates (p= <0.001 from
Table 2.1) and showed varying trends across the different years. In the years from 2004-
2006 there were increased landings (Figure 2.3). In 2001 and again from 2010-11 there
were lower landings. The day of year fished is also influential on catch rates (p= <0.001
Table 2.1) as fishing earlier in the season corresponded to higher catch rates that

subsequently declined throughout the duration of the season (Figure 2.14)
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Figure 2.14 The smoothed predictors (with the degrees of freedom in the brackets)

of the additive mixed model are year, and day of year (DOY) fished.
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Discussion
Overall the results supported the hypotheses, as there was clustering observed amongst
traditional vessels, random distributions between non-traditional vessels, clustering
amongst the two types of vessels, and minimal clustering of vessels from similar
homeports. Traditional vessels may benefit from communicating their information, as it
would reduce the time they spend searching for high abundance areas (Branch et al.
2006). They would likely be more willing to help out their friends and family, resulting in
clustering of many successful vessels. Since the number of vessels of each type varies
across years, it was important to analyse how these vessels use the information given to
them and where they fish. A tendency to aggregate may increase local crab exploitation
beyond that expected from fishing alone, especially if vessels entering the fishery follow
more experienced vessels rather than exploring independently. In a year of increased
vessel licenses this could result in even more vessels clustering in an area, and in turn
impact the snow crab population at these overfished locations. The clustering of
traditional vessels could be the result of their communication, or from their experience in
the fishery. The traditional vessels have been fishing for decades and likely know each
other. Although some of these vessels have been fishing since the 1960’s so even if there
IS no communication, these vessels may just be more successful at using survey data and
their own experiences to locate fish.

Results suggest that non-traditionals tend to have a random distribution amongst
themselves. There were lower levels of clustering between non-traditional vessels at
smaller distances but clustering was observed at higher distances, which could be the

result from their associations with traditional vessels or results of coarse-level local
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enhancement (Pdysa 1992). Traditional vessels had significantly higher catch rates then
the non-traditional vessels and since non-traditional vessels have less experience in the
fishery, they are less likely to follow another non-traditional vessel. This may not be the
case if multiple non-traditional vessels are following a single traditional vessel. This
would result in clustering of non-traditional vessels even though the clustering could be
due to the non-traditionals fishing in a similar area as a traditional vessel. This could
explain the non-traditional clustering at larger distances classes.

In that traditional vessels have permanent allocations in the fishery their
investment may differ from the non-traditionals (Branch et al. 2006). Traditional vessels
may be more inclined to protect the fishery to maintain a long-term sustainable fishery.
They have permanent licenses so even though as a whole they have higher catches, at an
individual level, they may be catching less in lower abundance years to preserve the
population and may be a factor to look into in the future of this fishery. They also have
more licenses so could be making up the higher proportion of catch this way. Non-
traditional vessels only come into the fishery when the lobster fishery is poor so are less
invested in the fishery, looking for short-term higher gains rather than long-term
sustainability in comparison to their counterparts. With them coming into the fishery
sporadically, this may limit their knowledge of the fishery, and how to use the pre-season
survey data effectively. This could explain them clustering around successful traditional
vessels.

The additive mixed model results indicate that Shippagan, Big Cove, and
Newport Point have the highest catch rates in comparison to the other homeports, which

also could be impacting which vessels are clustering as well, and could explain the lower
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levels of clustering seen amongst vessels from similar homeports. If only three out of the
nine main homeports have the highest catch rates, the other lower landing homeports may
have weaker incentives for aggregation.

The associations varied across years and could be related to landing rates. When
landings were higher there was generally less clustering between all the vessels, which
could mean that there was less need to communicate. In lower landing years, where snow
crab were not as abundant, there was more clustering of vessels, likely due to the
increased use of information (both communication and observation) among the vessels to
locate productive areas and meet individual quotas.

The Gillis et al. (2006) study concluded that vessel types within homeports were
clustering, which is a finer scale study. This study instead aimed to see whether vessel
type or homeport location had higher influence on vessel’s fishing location. The study
concluded that there were low levels of clustering amongst vessels from similar
homeports but coupled with the information about vessel type associations supports the
findings of Gillis et al. (2006). It is likely that traditional vessels from the same homeport
(i.e. Shippagan, Big Cove, or Newport Point) are the main driving force of clustering and
not necessarily just homeport location or vessel type as individual factors. In other words
not all traditional vessels and not every vessel from each homeport aggregate. These
results are consistent with information exchange and it seems that traditional vessels are
clustering in similar locations whether it is due to experience, verbal or visual
communication, but their overall higher success rates may be impacting snow crab

abundance. If non-traditional vessels are able to follow these successful traditional
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vessels then the local fishing pressure could exceed what would be expected when non-
traditional vessels fished more independently.

The significant predictors of catch rate in the additive mixed model were
consistent with patterns of association in the spatial analysis. Temporal patterns in the
smoothed terms of the additive mixed model indicate that catch rates varied within and
between seasons, but with overall higher catch rates at the beginning of each season.
Traditional vessels had higher catch rates which supports the hypothesis that their greater
experience would result in stronger performance and make them effective indicators for
less experienced fishers. Shippagan, Big Cove and Newport Point were the largest
homeports, with at least 100 hundred vessels fishing, and had significantly higher catch
rates than vessels from the other homeports. It suggests that maybe these homeports are
the driving forces behind the minimal homeport clustering and may be sharing their
information more.

A possible limitation to the study of this fishery is the varying amounts of licenses
given each year. The early 1990’s did not have as many vessels fishing as in the 2000’s
which could impact the potential for communication occurring. This could be a factor in
the random distributions of vessels based on type and homeport location observed for the
early 1990’s. Another reason for clustering of vessels from similar homeports could be
vessels trying to limit their distance traveled by cutting down on fuel costs and settling
for a similarly productive area that is closer to home resulting in lower fuel costs and
weather constraints. A limitation in terms of communication, is that it is not possible to
measure what type of communication is occurring in this fishery (verbal or observation)

and its extent within the snow crab fishery. Future studies could be done by monitoring
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communication by radio or while at port. Palmer (1991) was able to monitor
communication in the Maine lobster fishery, but that fishery is smaller with fewer
homeports, so would require considerable research effort to monitor that much
communication.

The results support the possibility of communication occurring between vessels.
The next step would be to analyse the impacts of clustering vessels on abundance, and
catch rates at individual grids. This study supports the hypothesis of clustering amongst
types, but is it clustering at certain grids in particular driving these results and are these
grids close to certain homeports? The methods used in this chapter could be implemented
in other fisheries that are not as well monitored and managed as the snow crab fishery. If
possible, further research could be done into the actual communication occurring in the
Gulf of St. Lawrence snow crab fishery by monitoring radio and dock communication
and the impact at the grid scale that the clustering has on the snow crab population.

The main goal of management in the context of the snow crab industry is to
ensure the long-term sustainability of the fishery, and the collaboration between the two
is more than most fisheries can accomplish. We manage the snow crab fishery by
managing the fleet; how much they fish, how many licences are distributed and when the
fishery opens and closes, not unlike many other commercial fisheries. The snow crab
fishery is considered a well-managed fishery, but by filling in knowledge gaps,
management can provide detailed strategies for the vessels (i.e. when to avoid clumping
or overfishing a location). The snow crab fishery is an important part of Canada’s

economy and exploring these relationships amongst vessels may help management
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determine the amount of each type of license given each year, and help in setting the

quotas to ensure the long-term biological and economic sustainability of the fishery.
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Chapter 3 - Modelling Vessel Dynamics of the Gulf of St. Lawrence
Snow Crab (Chionoecetes opilio) Fishery Using Agent-Based
Modelling

Abstract

Agent-based modelling (ABM) was applied to the Gulf of St. Lawrence snow crab fishery to
model vessel dynamics. The goal was to determine the impact of having public information vs.
private information exchange. There are two types of vessels in the fishery, traditional (more
experience) and non-traditional (less experience) which may result in differing levels of
communication and associations. Spatial associations between vessels from the same homeport
and based on vessel type were quantified. There was a general trend of clustering of vessels from
the same homeport and types of vessels with random distributions and dispersal with increasing
distances. Vessels who had public information (pre-season survey results) had more stable
landings. This ABM has the potential to be expanded upon in the future, and be used as a
management tool to assess the impacts of management protocols on fisher’s success and effort

allocation.
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Introduction

Individual-based models (IBMs) and agent-based models (ABMSs) have been around
since the 1960’s (DeAngelis and Mooij 2005, Grimm et al. 2006, DeAngelis and Grimm 2014).
They are becoming popular analytical tools in ecology and evolutionary biology (DeAngelis and
Mooij 2005, Grimm et al. 2006). Janssen (2005) described the importance of ABMs in ecology,
as they are useful in capturing the complexity of a system at the individual level. Each individual
organism within an ecosystem grows, develops, and changes many times throughout its life.
There are variations in life histories amongst individuals within the same population, which
makes them individually unique. Even among age groups within a species, there are many
variations between the individuals and the way they interact with their environment. ABMs are a
bottom-up approach to solving ecological problems by simulating the dynamics of the system
using the individuals, interactions among the individuals, and interactions between the
individuals and the environment (Uchmanski and Grimm 1996, An et al. 2005, Tang and
Bennett 2010). ABMs presently have applications in ecology, computer science, engineering,
cognitive science, and social sciences (Sanchirico and Wilen 1999, DeAngelis and Mooij 2005,
Tang and Bennett 2010).

ABMs simulate complex adaptive systems allowing for individual, and adaptive
behaviours to emerge. A basic ABM is comprised of at least one population of agents, an
environment, and the events (described by rules that agents go through to interact with the
environment). Agents are simplified representations of individuals from a real population
(Uchmanski and Grimm 1996, DeAngelis and Mooij 2005, Grimm et al. 2006, Tang and
Bennett 2010). Rules are applied to the agents and can be based on behaviour, types of

interactions between individuals, feeding/foraging, and swimming, and models their impacts
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with the macro-environment (Janssen 2005, Tang and Bennett 2010). The decisions an individual
makes are in response to these set situations.

The second aspect of ABMs, is the environment, where information, energy, and agents
interact, and can be one, two, or three dimensional (Tang and Bennett 2010). Environments can
be set up using GIS, matrices, grids, geometric features, vectors, and rasters, making the
application of ABMs highly variable, although applicable to many problems. This allows the
user to bring in simulated or real-life data depending on the question. The agents interact with
the environment and in the process alter it according to the events or rules.

The events and rules in ABMs simulate real-world sampling events with no impact to the
actual fishery, or the environment, making it a useful tool in biology and ecology where many
species face population pressures. An event is created by a set of rules that are applied to the
agent and how they interact with the environment. These events update the state of the agents
and the environment in the model. The events follow a timeline progression, but what sets ABMs
apart from many other modelling tools is their success at simulating populations composed of
discrete autonomous agents representing individuals (single or groups). The events are followed
in order of setup in the model, but the events are randomly applied to the individuals (Tang and
Bennett 2010) through each time step, meaning that each simulation’s outcome will be different
than the previous one. The agents interact amongst each other and the environment, and ABMs
can capture the variation among individuals that classical differential-equations and difference-
equation models can miss (DeAngelis and Mooij 2005).

In the past five decades, there has been an increase in the frequency of IBM and ABM
use in ecology and biology (DeAngelis and Mooij 2005, Grimm et al. 2006) applying a variety of

programming tools. ABMs have also been used in fisheries to model fishing effort in single-
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species, single-fleet, multi-zone models, as well as multi-species, single-fleet, multi-zone models
(Soulié and Thébaud 2006), bioenergetics models (Breck 1993, Van Winkle et al. 1993, Martin
et al. 2012), predator-prey interactions between different tropic levels and mortality rates in
fisheries ecology (Rice et al. 1993, Rose and Cowan 1993, Hovel and Regan 2008), fisheries
quotas (Little et al. 2009), management strategies (Gao and Hailu 2012), travel behaviour
(Anwar et al. 2007, Foss and Couclelis 2009), and population-environment research (Miller et al.
2010). ABMs have also previously been used to model communication and information
exchange outside of fisheries (Bernstein et al. 1991, Deadman 1999, Berger 2001, Little and
McDonald 2007, Sakellariou et al. 2008) and even within fisheries (Dorn 2001).

Another area of ABMs that has been expanding recently, is using an empirical approach
to ABM. Janssen and Ostrom (2006) described using four different types of empirical methods,
1) case studies, 2) stylized facts, 3) role-playing games and 4) lab experiments. They suggested
that using an empirical-based method, or even combining methods could strengthen the results
by looking at real world biological problems instead of answering a theoretical question. Using
the data supplied by DFO (E. Wade, Gulf Fisheries Centre DFO, Moncton, Canada, personal
communication, 2016) will allow this chapter to examine possible explanations for the
associations observed in chapter two of this thesis.

Recently in fisheries management there has been an increased need and interest to model
fleet behaviour (Hilborn 1985, Branch et al. 2006) in response to regulation protocols and
different management strategies. This allows management to predict outcomes of protocols and
avoid real-life season closures or even complete fishery closures. ABMs allow for behaviours to
evolve and adapt to changing environments over time without real-life consequences. This could

model potential impacts of fishing bans on the economy and ecology of the fishery. There are
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only a few ABMs applied to fisheries, which mainly look at behaviours in response to
regulations (Foss and Couclelis 2009, Little et al. 2009, Gao and Hailu 2012), or different forms
of communication and impacts on catch per unit effort (CPUE) or catch rates (Dupont 2000). A
study done by Soulié and Thébaud (2006) using the Cormas (Cormas 2014) modelling platform
examined how a fleet targeting multiple species responded to changing regulations in a fishery
by examining the steady-state equilibrium. Results showed that fishing bans impacted short-term
profits but CPUE may remain profitable for high-effort fleets. When an area in the model had
high biomass it had high CPUE, which then lead to a large reduction in biomass and a
subsequent decline in CPUE. This large reduction in biomass could be occurring in the snow
crab fishery if multiple vessels are communicating and fishing the same area. Other studies have
also examined fleet behaviour in response to differing spatio-temporal scales (Dorn 2001) and
individual transferable quotas (Little et al. 2009). Common elements used across these different
studies in the fleets decision process were travel time, how close the next fishing patch is, size of
fishing patch, when to participate in a fishery, how to select a patch, depth and time to fish, and
what the vessel expected to catch (Dorn 2001, Little et al. 2004, Little et al. 2009). This chapter
aims to apply similar methodology from Dorn (2001), Little et al. (2004), Soulié and Thébaud
(2006) and Little et al. (2009) and examine how vessels are using the space over time, impacts of
information exchange on spatial associations and how total yearly landings are impacted.

There has been previous work done using ABMs in fisheries ecology examining
predator-prey interactions, or information exchange, but to my knowledge never combining the
two together to examine resulting spatial associations due to communication or information
exchange within a fishery. An ABM approach was chosen to examine the relative impact of

public information (pre-season survey data given to all vessels) and the private information
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(personal experience) exchange on effort aggregation and fishing success. | also wanted to
examine the impacts of varying levels of communication on spatial associations. The ABM aims
to examine the spatial associations of vessels with public information (the pre-season survey
trials) and without (naive trials) and then examining private communication (based on homeport
location or vessel type) and impacts on catch rates and effort aggregation for every vessel. I will
use my model to test whether simple information sharing can generate aggregation patterns
similar to those observed in the actual fishery and impact the fleets overall success (total yearly
landings of the entire fleet) and whether having prior knowledge of the upcoming season impacts

success (see Chapter Two).

Materials and Methods

Agent-based modelling using NetLogo

There are many different modelling languages available for agent-based modelling such
as AgentScript (Densmore 2013), MATLAB (Mathworks 2018), Cormas (Cormas 2014),
NetLogo (Wilensky 1999), and GAMA (Grignard et al. 2013) to name a few, with COMSES
(CoMSES Net 2018) having a database of other programs. NetLogo (Wilensky 1999) is
becoming one of the most popular in terms of use in ecology (Van Winkle et al. 1993,
Uchmanski and Grimm 1996, Grimm et al. 2006, Railsback and Grimm 2011, Wilensky and
Rand 2015), social sciences (Gilbert and Troitzsch 2005), economics (Tesfatsion 2002),
geography (Parker et al. 2002, An et al. 2005), and political sciences (Lempert 2002). NetLogo
is a free, open-source software that includes a coding dictionary, interactive interface, and code
libraries, and for these reasons was chosen as the modelling tool for this study. In the subsequent

descriptions, NetLogo variables will be indicated in bold-faced type.
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The Fishery

The environment

In the Gulf of St. Lawrence (GSL) snow crab fishery, after the season has finished,
Fisheries and Oceans Canada (DFO) conducts their yearly survey. The survey provides vessels
with information on available male snow crab for the next year in zone 12 (Figure 3.1). The data
collected from these yearly surveys were provided by DFO (E. Wade, Gulf Fisheries Centre
DFO, Moncton, Canada, personal communication, 2017) to create annual abundance files. DFO
created 10x10 minute patches of the fishery to represent the different fishing areas. Crab
abundance was estimated for each of the 234 fishable patches from the yearly survey data using
kriging with external drift (a geostatistical technique) (Webster and Oliver 2001) using depth as a
secondary variable (Wade et al. 2014). Kriging is done to estimate a random variable at one or
more unsampled areas. The drift represents a mean that is not stationary. The information for
each fishing patch in the fishery was then used to create an abundance patch map in NetLogo. A
total of 25 years of biomass data was supplied, ranging from 1990-2015 (excluding 1996) (Table
3.1).

In the NetLogo language, the snow crab abundance was used to setup patches that define
the environment. The patches are the squares (Figure 3.2) that approximate 10x10 minute
regions covering the Gulf as described by DFO, and a 19x33 square world was setup in Netlogo.
Each patch contained information on the current, start, and end of season snow crab abundance,
effort, patch identification name and number, if that patch is water or land and if it is fishable or
not, quality of the patch compared to the other patches, detours (route to follow) to avoid vessels
running aground, the cumulative effort expended in the patch and the catch taken from it. For

visual representation of the fishery each patch was set to an orange shade to indicate snow crab
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1363  Figure 3.1 A map of the Gulf of St. Lawrence snow crab fishery. Zone 12 is the focus for
1364  the thesis as it is the largest in terms of size and number of vessels fishing each season.
1365  Vessels originate from four provinces: New Brunswick, Quebec, PEI, and Nova Scotia.
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Table 3.1 A conversion table for what year each NetLogo year represents in the snow crab

fishery in the Gulf of St. Lawrence. 1996 is the only year missing.

Fishing NetLogo
season Year
1990 1
1991 2
1992 3
1993 4
1994 5
1995 6
1997 7
1998 8
1999 9
2000 10
2001 11
2002 12
2003 13
2004 14
2005 15
2006 16
2007 17
2008 18
2009 19
2010 20
2011 21
2012 22
2013 23
2014 24
2015 25
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Figure 3.2 A map of zone 12 in the Gulf of St. Lawrence snow crab fishery in NetLogo.
Green represents land, blue is water outside the zone and the orange-white range of colours
are based on snow crab abundance in each patch and are the fishable patches. The three
homeports with their vessels are represented here as well.
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1375 abundance (density) if it was fishable, blue for non-fishable water, and green for land (Figure
1376  3.2). Since the Magdalen Islands are in the middle of the water, there were many vessels that
1377  were unable to navigate around the island without setting up the detours previously mentioned.
1378  Therefore, any water patch that was beside a land patch was assigned a detour-east value from
1379  0-360 degrees and similar for detour-west depending on the direction (boat facing left or right in
1380 the interface simulation) the vessel was moving (east & right for going to fish and west & left for

1381  going back to homeport).

1382  The agents

1383 In this model there were three types of agents (patches, homeports and the fleet), but for
1384  this section we will examine the homeports and the fleet as the main agents and consider the
1385  patches as part of the environment for simplicity. There were three homeports from where the
1386 fleet could originate. Three homeports were chosen based on results from the focus dataset in
1387  Chapter 2. Since there were 9 homeports that were located in three distinct areas, three

1388  homeports were chosen to represent the group of homeports from Québec, northern New

1389  Brunswick, and southern New Brunswick.

1390 Each vessel agent had a variable representing its fuel, homeport ID, location, how much
1391 they have caught on their trip, their vessel type’s catchability, how much a vessel can hold and
1392  what is presently being held, the speed they are travelling, which patch they are targeting at the
1393  moment, how much they have caught during the season, how much they have earned from this
1394  catch, the fuel expended for each trip, the effort expended during the trip, the direction they are
1395 travelling, their experience, how much they expect to catch and when the trip started.

1396 A starting amount of fuel was given to a vessel when they were at their respective

1397  homeports and was depleted throughout a trip. Fuel cost was set at two in the interface to
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incorporate fuel as a decision factor in choosing a patch. This value would require vessels to
consider how far they traveled to fish by updating the values allocated to each location by the
cost of travel in the experience matrices but wouldn’t be highly limiting to travel further if the
patch was highly desirable.

The kind was either traditional or non-traditional with different q values (catchability
coefficient of how efficient a vessel is at catching fish). The g for traditionals was set at 0.005,
and the q of non-traditionals at 0.0025, for the models to represent the differences between the
vessels, experience, gear, and catch differences observed in the fishery.

Each vessel was allowed a hold-capacity of 10,000 which was chosen by examining the
distribution of each vessels highest catch rate from the full dataset from chapter two (75% of the
vessels were just below 10,000 kg of fish), so hold-capacity was set for each vessel at 10,000 in
the model and the hold and total-year-catch was updated as vessels caught fish. A bank
variable represented the total past landings of a vessel. The direction was assigned based on
vessels activity, if they were going out to fish they were assigned east, and west if they were
heading back to port.

Vessels were given initial knowledge matrices to start their season. This allowed the
vessel to come into the fishery with a certain amount of knowledge (pre-season survey data
known as survey in this chapter) or no knowledge at all (naive). This matrix was known as initial
value matrix, which assigned a value to each fishable patch. The equations for setting up these
matrices will follow in the rules/events section. These matrices represent all of the patches in the
NetLogo world and determine where a vessel will go fish next depending on the value assigned
to the patches. These values begin at zero (no desire to fish in this area) and increase with

increasing desirability (based on what they expect to catch, abundance of snow crab, fuel cost
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and distance to travel). The initial matrix of each vessel is updated as the vessels fish and gain

experience, defining the “desirability” of each patch.

The rules/events

Two different trials were set up to examine the effects of pre-season survey knowledge
compared to naive fishing. In the trials there was an initial knowledge matrix that helps a vessel
choose which patch will be targeted but differs from naive to pre-season survey trials. In the
trials where the vessels were naive, their initial knowledge matrix was set up with every single
fishable patch being given a value of one. This represented the vessels having zero knowledge of
the fishery and each patch is considered equally productive in terms of how many snow crabs
there are to catch. In the survey trials, the initial beginning of season matrix was setup such that
each fishable patch was assigned an initial value through the following equation in NetLogo
format:
3.1 init-value = (start-sc * g-trad ) — ( dist-to-shippigan * fuel-cost)
where init-value is the initial value assigned to a patch at the beginning of the season, start-sc
was the total amount of snow crab in the patch in question at the start of the season, g-trad was
the value of what traditionals were expected to catch per time step, dist-to-shippigan was the
distance to the “main” homeport or the one in the middle of the other two for simplicity, and
fuel-cost is the value described previously to represent the cost of fuel. No fishable patch could
be assigned a value of less than one. This equation was created to incorporate different aspects of
what would make a fishing patch be chosen, how many snow crabs are in it, is it a good fishing
location, how far from homeport is it, and the cost associated with travelling there. As experience
is gained from fishing in patches, this beginning initial matrix is then updated into an experience

matrix and is applicable in both the naive and survey trials using the following equation:
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3.2 experience-mod = (catch — (( distance home-grid) * fuel-cost))

where experience-mod represents the updated matrix of experience gained during the fishery,
catch represents how much was actually caught in the area, distance is a function in NetLogo
that calculates the distance of where the agent is to the value proceeding the distance variable,
home-grid is the patch containing the homeport that vessel originates from, and fuel-cost as
previously described. This again takes into account if that trip was successful (based on how
much they caught), and the cost of travel. The experience of that patch is then averaged with the
old experience and updated in the vessel’s fishing experience matrix. These values assigned to
the patches in the matrices are what is shared during the communication trials to whichever
vessels are included.

The scale of distances is different between Chapter 2 and 3 since the smallest scale we
can obtain in NetLogo is each individual patch’s midpoint coordinates, while the fishery data
have exact locations within a patch. Furthermore, the true grid’s vary in bathymetry and crab
density while the model patches are uniform. Coordinates for whole patch midpoints were
transformed into Universal Transverse Mercator (UTM) coordinates for spatial analysis.

A fishing season lasts a maximum of 90 days (2160 hours). Each fishing season was split
into three sections (0-720 hours was the beginning of the season, 721-1440 was the middle of the
season, and 1441-2160 for the end of the season). Analysis focused on the mid-season where
experience can modify information but local depletion is limited. The middle portion of the data
were subset, keeping only the trips between 721 and 1057 hours to represent the first two week
period of the middle fortnight of year (FOY) for consistency as done in chapter two. This FOY

data was then used in the Mantel test and Ripley’s K section of analysis.
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In the actual fishery there was generally a 3:1 ratio of traditional vessels to non-
traditional vessels, so for consistency in the ABM models, 45 traditional and 15 non-traditional
were created at each homeport. This gave a total of 135 traditional vessels and 45 non-
traditionals.

The parameter interference was also included in the model. Interference is the negative
impact of local density (number of other vessels) on fishing efficiency with 1 being very strong
(1/total number of vessels) and 0 being no interference (Gillis and Peterman 1998). It was
represented by the following equation in NetLogo format:

3.3 catch = biomass * g * nVessels ™ ( - interference )

where catch represents how much a vessel caught in that patch, biomass is the total abundance
of snow crab at that exact time, q is the catchability set to each individual type of vessel
(traditional or non-traditional), nVessels is the number of other vessels fishing in that patch, and
interference as previously described was set at 0.5.

Trials

To examine the impacts of having prior knowledge of the fishery, two sets of trials were
run: survey and naive. Survey represented the pre-season survey data (public information) given
to all the vessels fishing. The naive trial represented vessels starting with zero knowledge of the
fishery. Within those naive and survey trials, three main trials were setup with two subsets within
them for a total of 5 distinct trials. The three main trials were 1) no communication at all, 2)
homeport communication, 3) and everyone communicating. The subsets of these trials were 1)
Traditionals and non-traditionals are both included in the type of communication (ON in the
model and results) 2) only the traditional vessels are included in the communication (off in the

model and results).
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In order to examine varying levels of communication, a variable was created, others-
weight, to represent how much a vessel takes into account the other vessel’s crew’s fishing
experience. The others-weight was valued from 0.1-1, with 0.1 representing almost zero belief
and one being complete belief of the other vessel’s crew’s experience and incorporating it into
their own experience matrix. Three values of others-weight were considered (0.1, 0.5 and 1)
making up the total of 15 trials. To examine how vessels were using the pre-season survey data,
another 15 trials following the same protocol were set up for vessels except they started off with
zero information about the fishery (naive trials). A total of 30 trials were completed across 25
years of historical abundance data.

To compare whether levels of associations varied across years of higher landings vs.
years of lower landings, two extreme years (14 and 19 respectively) were examined following
similar steps as described above, although each year was replicated 30 times. These 30 replicates
were combined for confidence in comparing the two years (14 representing a year of higher
landings and 19 with lower landings). Total effort was examined across all the lower and higher
landing years and 14 and 19 had similar total effort per year and represented two different

landing years, and were therefore chosen to represent the two extremes for maximum contrast.

Section 3.1- Vessel associations based on homeport location

To test whether vessels from the same homeport were fishing in similar areas, a Mantel
test was performed (Mantel 1967). Mantel tests look for spatial correlation between two
matrices, as described in Chapter 2. Similar to Chapter 2, a fishing matrix and a homeport matrix
were set up by calculating the distances between each vessel’s homeport and the distances
between their fishing locations. The homeport matrix was set up so that the homeport locations

of each ordered vessel were in the rows and columns and the distances between them made up
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the matrix. The fishing location matrix was set up in the same way but using the fishing
coordinates. They were then analysed using the ade4 (Dray and Dufour 2007) package in R (R
Core Team 2015) and a correlogram was created in the vegan package (Oksanen et al. 2017).
Similar to Chapter 2, the Mantel tests were based on 1000 permutations (a = 0.05) using a
Pearson correlation (Legendre and Fortin 2010). Since the spatial scales are not as precise as the
real fishery data, four different distances were analysed in the Mantel tests (30, 90, 150, and 210
km).
Section 3.2- Associations based on vessel type

In the NetLogo model, vessel type as described in Chapter 2, was known as kind because
type is a function in the NetLogo language. To test whether vessel type had an impact on where
vessels fished, Ripley’s K function was used to test for evidence of different spatial patterns
(Cox and Lewis 1972, Van Lieshout and Baddeley 1999). Similar to Chapter 2, the different
types of associations between and within vessel types were examined using the Kcross and Kest
functions respectively in the spatstat package (Dixon 2002) in R (R Core team 2015) across the
six distances chosen (15, 30, 60, 75, 90, 100 km). To test the model at a significance level of
0=0.05, and 1000 simulations (Baddeley and Turner 2005, Dixon 1994, Dixon 2012) were done
using a confidence envelope around the Ho (null) of complete spatial randomness (CSR).

For graphical comparisons of K values, the distance between the confidence interval
envelope of randomness and the estimated K value were examined across the different types of
communication for every year. In this standardization, K values that fall within the null envelope

will have a distance of zero.
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Results

Examining the differences in total landings per year between the naive and survey trials
showed that there were higher landings during the survey trials (Figure 3.3 A). There were
differences in landings across the different types of communication (Figure 3.3 B). In the naive
trials there were higher landings when there was no communication. In the survey trials the total
landings were the same across the different others-weights and communication trials. Lower
landings were generally observed when everyone communicated. The total landings per year
followed similar trends to peaks and troughs of snow crab abundance and generally total yearly
landings followed trends in abundance (Figure 3.4) with minor differences per year in the
different communication trials. Years of higher landings (year 14) had similar results while there
were fewer differences between trials of lower landings (year 19) (Figure 3.5).

In the survey trials there were higher landings when everyone was communicating,
vessels from the same homeport and during no communication with exceptions being observed
when the non-traditionals were included in the communication. Total yearly landings were lower
in these trials when non-traditional vessels were communicating, and higher when they were not
(Figure 3.3 B). Years 14 had similar results with while there were fewer differences between

trials in year 19 (Figure 3.5)

Section 3.1- Vessel associations based on homeport location

Vessel associations based on homeport location were plotted on a correlogram across the
30 different trials, and can be observed in a representative correlogram (Figure 3.6) from the
homeport trial at others-weight of 1. Instead of examining 30 different correlograms, the results
were combined to create Figure 3.7. Across the naive and survey trials vessels from the same

homeport were clustering at the 30 km range, and as distance increased, associations were
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Figure 3.3 A) The total landings of every trial each with 25 years of results, were combined
to compare the total landings for the entire fishery between the naive and survey trials. B)

A more in depth look at the unique trials to examine possible trends in the total landings

across the survey and naive trials for each others-weight, communication experiment, and

whether the non-traditionals were communicating or not.
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Figure 3.4 Graphically representing snow crab abundance and the total landings for the
whole fishery each season at the different weights for others-weight and experiments.
Everyone except NT represents the non-traditional vessels not being included but every
traditional vessel is communicating. Everyone is every vessel from every homeport is
communicating. Homeport except NT represents just the traditionals from the same
homeport communicating. Homeport represents every vessel from the same homeport is
communicating. No communication represents trials where no vessel is communicating. On
and Off represent non-traditionals included in communication (on) and non-traditionals
not included in communication (off). Others-weight of 0.5 was dropped to just look at the
extreme values for others-weight.
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Figure 3.5 A) The total landings of every trial each with 30 replications of results, were
combined to compare the total landings for the entire fishery between the naive and survey
trials for high and low landing years (years 14 and 19 respectively). B) A more in depth

look at the unique trials to examine possible trends in the total landings across the survey
and naive trials for each others-weight, communication experiment, and whether the non-
traditionals were communicating or not with the 30 replicates combined.

88



1597

1598

89



1609
1610
1611
1612
1613
1614
1615
1616

1617

1618

1619

1620

30 km 90 km 1599

= = 1600
_-.l..-.-l-.-..l-.l..--l.I _

g R e R R e Ay % g ——.—l‘E‘DDlErErll-'EmﬁiBaBn-]ﬁpal

] ] 1602
o | o |

g T T T T | T T T T T

= 5 10 15 20 25 5 10 15 20 1608

% 150 km 210 km 1604
2 o o

| | 1605

= "_"_'"-“_".'__'i'i';'i'i';'i';’i'.“"'i'-"i’.‘;'-"'-’ S “""""'""'“'"""""""""'.'"'1’606

= —I--.-.--Il---...-.. - L

o | 2] 1607

b T T T T T T T T T T

5 10 15 20 25 5 10 15 20 1608

Years

Figure 3.6 Using a correlogram to plot the results from the Mantel test looking at four
distances (30, 90, 150 and 210 km) across all 25 years for homeport communication trial
and others-weight of 1. A negative value indicates dispersion and a positive is clustering of
vessels. Zero represents a random distribution. Testing alpha=0.05. Black squares
represent significant values while the white ones are non-significant. The dashed line
represents the Ho: of a random distribution. Each type of communication for each weight
was tested for non-traditionals communicating or not for the naive and survey trials. To
avoid plotting all 30 correlograms the results were combined to create Figure 3.7.
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Figure 3.7 The results for Mantel tests across the different distances, communication type
trials, weights and whether the non-traditionals were included in the communication (on)
or not (off) for the naive and survey trials. Each Mantel test is based on the whole fleet
regardless of the type of communication occurring and each box plot is each of the 25 years
of data combined based on the snow crab pre-season distributions. On and Off represent
non-traditionals included in communication (on) and non-traditionals not included in
communication (off).
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random and then dispersed at the highest distances (Figure 3.7). This pattern was not only
observed across the naive and survey trials, but also across the three others-weight values (0.1,
0.5 and 1). The only difference was seen at others-weight = 1 and 30 km where there were
significant differences between the results of when vessels from the same homeport and trials
where everyone was communicating where associations were significantly different from the
other trials results. When non-traditional vessels were not included in the trials, there were lower
levels of clustering (at 30 km) and lower levels of dispersal (210 km). When non-traditional
vessels were communicating, associations tended to be closer to random across every distance
and type of communication. Clustering was the highest when the non-traditionals were not
included in the communication trials (Figure 3.7).

Years 14 and 19 were examined to represent high and low abundance years to test for
differences in associations. Results were similar to those described above (Figure 3.8). The only
difference was at others-weight = 0.1 the associations were slightly higher in the homeport

communication trials when non-traditional vessels were included in the communication.

Section 3.2- Associations based on vessel type (kind)

Trends in spatial associations based on vessel type were similar to the homeport
associations. A typical result plot for Ripley’s K estimates was plotted in Figure 3.9 from the
communication trial at others-weight = 1. A total of 30 plots were created, and similar to the
Mantel results, were combined and a standardized distance was calculated to create Figures 3.10
and 3.11. At the smaller spatial scales (15 and 30 km) there was clustering of vessels and as

distance increased associations were random (Figure 3.10).
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Figure 3.8 The results for Mantel tests across the different distances, communication type

trials, weights and whether the non-traditionals were included in the communication (on)

or not (off) for the naive and survey trials for years 14 and 19. Each Mantel test is based on
the whole fleet regardless of the type of communication occurring and each box plot is each

of the 30 replications combined based on the snow crab pre-season distributions. On and
Off represent non-traditionals included in communication (on) and non-traditionals not
included in communication (off).
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Figure 3.9 The results of Ripley’s K estimate for others-weight of 1 for the homeport
communication trial. This graph looks at associations among traditional vessels. The grey
area shows the confidence envelope around Ho of a random distribution. Within the grey
area cannot be distinguished from a random distribution. The red dashed line is the
theoretical values of random distribution for the data (Ho hypothesis). Anything above is
significantly clustered while below is significantly dispersed. This is how Ripley’s K results
were analysed for traditional, non-traditional and non-traditional/traditional associations
across all weights and each type of communication for both the naive and survey trials.
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Figure 3.10 The standardized Ripley’s K value across the different weights, distances for
each type of communication tested and when non-traditionals are communicating and not
for the naive and survey trials. Each standardized Ripley’s K value is based on the whole
fleet regardless of the type of communication occurring and each box plot is each of the 25
years of data combined based on the snow crab pre-season distributions. Others-weight of
0.5 was dropped as it was not significantly different than others-weight of 0.1. On and Off
represent non-traditionals included in communication (on) and non-traditionals not
included in communication (off). Distance classes 75000, and 90000 m were dropped as the
associations were similar to 60000 m.
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Figure 3.11 The standardized Ripley’s K value across the different weights, distances for
each type of communication tested and when non-traditionals are communicating and not
for the naive and survey trials examining year 14 and 19. Each standardized Ripley’s K
value is based on the whole fleet regardless of the type of communication occurring and
each box plot is each of the 30 replications combined based on the snow crab pre-season
distributions. Others-weight of 0.5 was dropped as it was not significantly different than
others-weight of 0.1. On and Off represent non-traditionals included in communication
(on) and non-traditionals not included in communication (off). Distance classes 75000, and
90000 m were dropped as the associations were similar to 60000 m.
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Examining years 14 and 19 (high and low abundance) there were minor differences with
associations being slightly higher than those observed in Figure 3.10 when non-traditionals were
included in the communication across all the different types of communication trials (Figure
3.11)

Examining associations based on vessel type showed that there were always higher levels
of clustering amongst the traditional vessels, next was amongst the traditional and non-
traditional, and the lowest levels were observed between the non-traditionals. When non-
traditionals were included in the communication there was more variability among the
associations observed (Figure 3.12) although the pattern previously described did not change.

The results from years 14 and 19 followed similar patterns to those observed in Figure
3.12 where traditional vessels still had higher levels of associations, then the traditional and non-
traditional vessels and the lowest levels being observed in the non-traditional vessels (Figure

3.13).
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Figure 3.12 The standardized Ripley’s K values of each type of association across the
different weights, types of communication and split into whether the non-traditionals

vessels were communicating or not for the naive and survey results. Each standardized

Ripley’s K value is based on the whole fleet regardless of the type of communication

occurring and each box plot is each of the 25 years of data combined based on the observed

snow crab pre-season distributions. Others-weight of 0.5 was dropped as it was not
different from others-weight of 0.1.
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Figure 3.13 The standardized Ripley’s K values of each type of association across the
different weights, types of communication and split into whether the non-traditionals
vessels were communicating or not for the naive and survey results for years 14 and 19.
Each standardized Ripley’s K value is based on the whole fleet regardless of the type of
communication occurring and each box plot is each of the 30 replications combined based
on the observed snow crab pre-season distributions. Others-weight of 0.5 was dropped as it
was not different from others-weight of 0.1.
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Discussion

Across the naive and survey results there is a general trend of clustering amongst vessels
from the same homeport at the smallest distance. As distance increases, clustering decreases to
random distributions at the middle distance classes and dispersal at the largest. These trends are
similar to those observed in Chapter 2 of this thesis. The associations between traditionals were
also the highest, among the two vessel types was slightly lower, while non-traditionals were
mostly randomly distributed. These results support the hypothesis that there are varying levels of
communication occurring in the snow crab fishery, but the complexity of pinpointing the exact
levels of communication is difficult. Branch et al. (2006), and van Putten et al. (2011) stated that
crew members who are related, friends or from similar homeports are more likely to share
information and could explain the associations observed. In this model communication was
happening at homeports and resulted in similar patterns to those observed in Chapter 2. It is
difficult to measure communication in the snow crab fishery, in part because of the large number
of vessels fishing across 86 homeports in four Canadian provinces. Monitoring radio and
homeport communication is nearly impossible in the snow crab fishery; therefore incorporating
the survey data from Chapter 2 and examining varying amounts of communication in an ABM
allows an insight not available with the fishery data alone. There tended to be higher levels of
associations when non-traditionals were included in the analysis. This suggests that at the
extremes non-traditionals may be following traditional vessels more than in the more average
abundance years.

When there are high levels of communication occurring the model produces higher levels
of clustering as long as the non-traditionals are not included except at the extremes of abundance

in years 14 and 19. This is in agreement with results from Little et al. (2004), who found that
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information exchange amongst vessels led to more similar catch rates and profits between the
different types of vessels or strategies. They suggested that with the two different fishing
strategies most commonly seen — “Cartesian” (risk averse strategy) and “Stochast” (risk takers)
from Allen and McGlade (1986) that one fishing strategy was also better than the other with
different levels of communication. This was the case in this fishery as well. There were always
higher levels of clustering when only the traditional vessels were communicating, and when non-
traditionals were included associations were closer to random. Traditional vessels would benefit
from communicating together, and wouldn’t benefit from communicating with non-traditionals.
Non-traditionals would benefit from the traditional’s knowledge and experience in locating crab.
This is supported by the lower levels of clustering observed when non-traditionals were included
in the communication during the different trials but not that total landings results. The results
from this chapter showed that total yearly landings were higher in the pre-season survey trial
results among the different types of communication. The total yearly landings were more stable
in comparison to the variation seen in the naive trial results. These results are supportive of Salas
and Gaertner’s (2004) findings that communication helps stabilize this uncertainty.

Associations based on homeport location resulted in clustering at the smaller spatial
scales, random at the middle distances and then dispersal at the largest spatial scales. This
suggests that some vessels may be fishing in similar areas, while other vessels from the same
homeport may have information on different areas and fishing elsewhere. This is consistent with
assumptions from Little et al. (2004) that vessels from similar homeports may be “spying” on
each other, and resulted in them clustering spatially and effort-wise. This may be the case in the
GSL snow crab fishery as well. It is not to say that every single vessel from a homeport is

communicating with each other, but that communication among these vessels is more likely.
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Actual communication patterns can be complex as there is variability amongst individuals on
who they trust and are communicating with, and changes over time (An et al. 2005).

During the naive trials interesting patterns emerged during the no communication trials.
There were higher landings in these trials, which may suggest that there may be negative
implications to communication as well. When vessels communicate this may result in less time
being spent exploring the fishery, and less chance of finding unexplored patches that may be
highly productive. When vessels started a season with prior information on crab distribution it
resulted in more reliable total landings across years whether vessels were communicating or not.
When non-traditionals were included in communication amongst vessel crews, lower levels of
clustering were also observed. It could be due to more vessels communicating resulting in a
broader knowledge of the fishery and less need to fish in similar areas, but this may not be the
case either. Since vessels had lower landings when everyone was communicating it could be the
negative influence of non-traditionals in communication. Since non-traditionals have lower
catchability than traditional vessels, they may be misinforming the traditional vessels. The non-
traditionals may find an area to be unproductive, which may in fact be higher in snow crab
abundance but they are just not as successful at fishing in these areas resulting in them
misinforming the rest of their group. Also, if there are numerous vessels fishing this may deplete
the patch quickly and may result in dispersion. The results of associations based on vessel type
indicated that there were always higher levels of clustering of traditional vessels and amongst the
two types than just the non-traditional vessels throughout every type of communication and
whether they had survey knowledge or not. This would suggest that vessels who have lower
catch rates have less knowledge to share and will communicate less with more successful

vessels, as suggested by Salas and Gaertner (2004).
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During lower landing years, landings were not significantly different between naive and
survey trials though suggesting that having prior knowledge of the fishery in lower abundance
years does not impact their catch rates. This could suggest that during years of lower abundance
surveys are less helpful. This could be due to the lack of profitable sites and too many fishers
trying to find them.

Trends in homeport and vessel type associations are similar to those observed in chapter
two. There are always higher levels of clustering amongst traditional vessels suggesting that they
are communicating in some form. In this chapter, they are always communicating across trials
other than no communication, and are found to have the highest levels of clustering supporting
the hypothesis from Chapter 2 that traditional vessels have the highest levels of communication.
Non-traditional vessels had minimal levels of clustering at the 30 km spatial scale but were
mostly randomly distributed. These results are similar to chapter two as they mainly had random
distributions, but this model did not capture observational learning which may play a role in
information exchange while at sea (Vignaux 1996, Little et al. 2004). There was clustering
amongst the two types, but mainly at the lower spatial distances, while in Chapter 2 the
clustering increased with increasing distance. This again could be a result of observational
learning not being correctly modelled in this ABM, and could be expanded in the future. Overall
this model confirms that increasing levels of communication causes aggregation at smaller
spatial scales, but does not explain the trends observed in Chapter 2 at larger spatial scales. The
scales are different between chapters and could be a cause for the differences. Overall, this
model is a first step in the direction for management purposes, but will need more informative

communication rules.
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It is difficult to monitor communication in fisheries, as relationships are fluid and change
over time and between individuals (Salas and Gaertner 2004, An et al. 2005). This model has set
rules for every individual, but in reality this is not the case. An ABM can be used to model
different types of communication, although with the limited rules applied to this model, it lacks
the complexity of the actual fishery but gives a broad insight into the possibilities, and has
potential to be expanded. Without directly observing communication and information exchange
in the fishery, such as in Palmer (1991) who monitored radio and dock communication, or
interviews as done in Little et al. (2009), the accuracy of this ABM is limited. With advancing
technology, cell phones (Foss and Couclelis 2009) are an important form of communication to
consider as well, and were found to have significant impacts on effort allocation in the Kerala
fishery of southern India. Further research could be done into the possible forms of
communication in the GSL snow crab fishery, using similar methods mentioned, providing more
flexible rules to the model. Communication could become more fluid in future models to
represent evolving levels of information exchange, based on whether or not a vessel was
successful and would remain in the communication group. Vignaux (1996) stated that many
vessels tend to not be risk takers in order to maintain higher catch rates in relation to the rest of
the fleet to keep their social standings, and could be something to consider when creating groups.
This could be done so that if a vessel was unsuccessful they were no longer a part of the group.

Another limitation to this model is the spatial resolution. In the fishery, locations are
exact, while the model is based on 10x10 minute squares resulting in the coarse resolution of the
analysis. This would prevent some of the small-scale associations observed in Chapter 2 to be

tested for in this model and explain the differences between chapters at the larger scales.
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The current ABM lacks some biological and economical aspects of the fishery. In the
future, other variables such as the price of crab could be incorporated, which could be impacting
how vessels fish, and their strategies especially during years of fluctuating abundance, based on
similar conclusions from Dupont (2000) in British Columbia’s salmon fishery. Incorporating
realistic fuel prices could also impact the distribution of vessels. Bernstein et al. (1991)
suggested that as travel costs become larger, the predators (or the vessels in this case), may have
less desire to fish further away from their homeports or leave their current patch. Little et al.
(2004) suggested that vessels from certain homeports may be further from productive areas and
have a more difficult time getting there, or be limited by the price of fuel. This may be influential
on associations observed, or there may be similar association results, just in patches closer to
their respective homeports. Another aspect that could be included in the model, is implementing
total allowable catch or individual quotas (Little et al. 2009). In the fishery when abundance is
low, the gquotas are lowered to match this and could impact how vessels fish. If vessels are
getting close to their quota their fishing strategies may change and they may be more likely to
fish in lower abundance areas (E. Wade, Gulf Fisheries Centre DFO, Moncton, Canada, personal
communication, 2016). Incorporating changing fishing strategies, both short and long-term into
the model may capture more of the complexity of the real fishery (Little et al. 2004).

Catch and effort have historically been used to monitor abundance in stock assessments,
but models have now shown that catch and effort data alone are not sufficient indices to predict
abundance trends (Peterman and Steer 1981, Bannerot and Austin 1983, Walters and Maguire
1996). This is because fleet behaviour, or fishing strategies, may allow vessels to maintain
productive catch rates and high CPUE even though the fish abundance is decreasing (Hilborn

1985, Vignaux 1996). Dorn (2001) suggested that instead of ignoring CPUE it is best to combine
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it with experience, and fishing behaviour to predict trends in abundance and create a new
approach to monitoring population trends, such as using an ABM (Hilborn and Walters 1987,
Little et al. 2004, Little et al. 2009). Furthermore, by examining fleet behaviour, it may help
improve communication between fisheries scientists and the fishing industry by recognizing the
importance of fishing experience and its impacts on management.

Examining where and how fishers allocate effort is a crucial step in management
decisions and is directly linked to communication and fleet dynamics. Future steps could
incorporate stricter rules for observational learning, which is likely a major influence in the snow
crab fishery based on the findings from Chapter 2 of this thesis, of clustering amongst the
different types of vessels (Vignaux 1996). Little et al. (2004) stated that fisher’s choice of a
fishing location is not only based on their perceived catch from that area, but also on
observations of what other vessels have caught in that area as well.

This model has the potential to be useful for management purposes and modelling the
different implications on catch, revenue, and snow crab abundance. The model could incorporate
more information and then implement common management strategies such as grid closures,
total allowable catch, individual quotas, and number of licences (Dorn 1997, Little et al. 2009,
Gao and Hailu 2012). It would also be interesting from a management perspective, if a patch is
deemed to be productive, to monitor how many vessels fish there at the same time throughout the
season, and the impact on final abundance in that patch. Is the patch over-fished or will there still
be enough snow crab for the upcoming seasons? A study by Ahearn et al. (2001) found in an
ABM for tiger and human interactions, that tiger populations are sustainable at low human
densities, but when human population increases past a certain extent, the tiger population

decreases significantly. This could be a future key aspect added to the current ABM to see what
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density of clustered vessels will decrease the grid abundance beyond a recovery point. This could
aid in predicting future snow crab populations and would be a useful tool for management and
fishers.

An ABM could be a useful tool for many fisheries that are not as well managed as the
snow crab fishery. Lempert (2002) stated that ABMs are useful tools to help develop policy-
making or management protocol when other models are not as successful at predicting social
processes, and have been used in social science in the public and private sectors. The interactive
interface with “real time” graphics make ABMs like mine, useful as a communication tool
among scientists, managers, and fish harvesters. It could allow predictions to be made based on
different strategies or levels of communication. The interface provides quick and easy
adjustments that can even be altered with each time step. It provides a visual representation of
the fishery to show fishers what exactly is happening at the large scale rather than the limited
perception they have while at sea. Overall, this agent-based model was the initial step in
capturing the variability of communication in the snow crab fishery, and could be developed into

a tool to represent fleet dynamics when evaluating different management protocols.
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Chapter 4 - Conclusion

The focus of my thesis has been to evaluate vessel dynamics in the Gulf of St. Lawrence
(GSL) snow crab (Chionoecetes opilio) fishery and the impacts of communication on effort
allocation and total yearly landings. Presently, catch per unit effort (CPUE) is the standard
method in evaluating population abundance across many fisheries. The problem with only
examining CPUE (Peterman and Steer 1981) is that fleet behaviour may allow vessels to
maintain relatively high catch and CPUE even with declining fish abundance (Hilborn 1985).
Therefore, the importance of including fleet behaviour in population assessments is critical to
ensure effective management strategies. The limiting issue is the lack of research on vessel
dynamics across many fisheries (Hilborn 1985, Salas and Gaertner 2004, Branch et al. 2006).

My goals were to examine spatial associations in the GSL snow crab fishery which may
be the result of communication. I was unable to measure communication directly in the fishery,
although examining the resulting spatial associations gave insight into the possible levels of
communication. This was accomplished by examining associations of the fishery in Chapter 2
based on homeport location and vessel type and then modelling the varying levels of
communication using an agent-based model (ABM). By effectively combining the two chapters,
| hoped to infer what levels of communication were occurring, so in the future these interactions
could be applied to management strategies.

There was minimal clustering amongst vessels from the same homeport in the fishery.
The levels of clustering observed from the ABM remained higher, and suggests that the
clustering of vessels from the same homeport may be a complex process in real life. In the ABM
even with the lower levels of communication, clustering remained higher, although when

everyone (non-traditional and traditional) were communicating, the levels were closer to the
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actual observed values in the fishery. This suggests that vessels from the same homeport may
communicate broadly. Since most homeports were made up of the two types of vessels, there
may be communication happening among certain individuals within a homeport that is more
likely to occur among the traditional vessels. With their longer experience in the fishery, their
long-term investment and the higher chance of them knowing each other (Branch et al. 2006, van
Putten et al. 2011), they may be communicating more than any non-traditional vessel. There are
generally more traditional vessels at each homeport, which may explain why we are observing
clustering, but lower levels. Certain traditional vessels from the homeports may cluster while the
other vessels are left to explore on their own and fish away from the clustered vessels. This
would result in an overall clustering pattern but lower than if almost every vessel was
communicating (as observed in Chapter 3).

The clustering observed between the traditional vessels in both Chapter 2 and Chapter 3
suggests that the homeport associations observed are likely due to the clustering of traditional
vessels. There is always clustering of traditional vessels in both chapters, and Chapter 3 always
accounted for them communicating across trials. They were still clustered even in trials of no
communication which may also suggest that even if traditionals may not be sharing information,
their experience may cause them to fish in similar areas (areas they know to be productive). This
is something for management to consider, that since traditional vessels have higher catches, and
are clustering in certain areas, this may cause patches to be depleted quicker than anticipated and
may not only affect that patch’s abundance the next year, but surrounding patches as well.

There is also a clustering of the two types of vessels, suggesting that since non-
traditionals are not likely communicating due their mostly random distributions, they are

following successful traditional vessels and fishing in similar areas. This again, would cause
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many vessels to be fishing in similar areas having detrimental impacts on those area’s
abundance. Knowing that non-traditional vessels are trying to improve their catch rates by
following traditional vessels could allow future models to determine how many vessels of both
types can fish in an area before that patch is depleted beyond recovery. This could help
determine how many non-traditional licences can be distributed each year based on overall snow
crab abundance and even as small scale as grid abundance.

Models also suggest that total landings will always be higher when the vessels are given
the pre-season survey information, and could be something to consider in the future. This could
help avoid clustering and force certain vessels to explore other areas. As catch rates were higher
in the beginning of the season, a different management approach could be to decrease the amount
of licenses given out at the beginning of the season, monitor catch rates, and if they are low
enough in comparison to abundance, give more licenses out as the season progresses.

It was insightful to combine Chapter 2 and 3 together using an empirical approach to
contrast what was actually occurring in the fishery (Chapter 2), and possible explanations for
these patterns (Chapter 3). With the lack of research into most fisheries vessel dynamics, taking
both approaches allows one to model possible forms of communication, the extent, and the
impacts on the environment and fish stock. This is not possible by only using one or the other,
but the combination of using both spatial analysis and ABMs. One can speculate about the
possibilities but without modelling what biologically and socially could be occurring, it is
difficult to determine the levels of communication. If more biological and economic information
on the snow crab fishery could be added to the ABM, this could provide even clearer
communication possibilities and the resulting spatial patterns. Communication is complex and is

difficult to capture in an ABM without stricter rules and more information from the fleet
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themselves. Future research could involve monitoring radio communication as done in Palmer
(1991), or interviews (Little et al. 2009) for further insights into the role communication plays in
the spatial distribution of vessels.

There have been other studies that focused on modelling different management strategies
in fisheries by incorporating fleet dynamics. Little et al. (2004) used a Bayesian approach to
explore the effects of information exchange and found that communicating impacted effort
allocation and resource exploration. Other studies (Dorn 1997, Gao and Hailu 2012) have
examined common management strategies such as grid closures, total allowable catch, individual
quotas and how many licenses are given out. Incorporating an ABM approach to examining fleet
dynamics was able to give management a new perspective into the fisheries.

The snow crab fishery is one of eastern Canada’s most profitable fisheries and needs to
be protected, to ensure long-term survival of the fishery and the snow crabs. The fishery employs
many people each year as fishers, managers, and processors. The livelihoods of hundreds of
people depend on this fishery, therefore it is crucial to continue monitoring spatial associations
and fleet behaviour to incorporate this information with catch per unit effort for effective
management strategies. Using only one tool to help solve the complexities of the fishery will
always provide ineffective management strategies. This fishery is an ideal system to continue
monitoring due to the already effective collaboration between management and the fleet. The
snow crab population is on a slow and steady decline (DFO 2016) and both sides of the fishery
(management and the fleet) want to maintain a sustainable stock for future generations. For this
reason the fleet may be more inclined to provide insights into their communication than other
fisheries that lack a history of strong collaborations (Loch et al. 1995). This would provide the

ABM with stricter communication rules. By continuing to monitor the snow crab fishery’s fleet
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2176  dynamics it will provide more representative ABMs that have the potential to be useful for

2177  management purposes in the near future.
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