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To increase the knowledge needed to successfully implement the ecosystem-

based approach to fishery management, this dissertation investigates important issues 

within the economics of choice and the economics of displacement. In particular, a 

discrete choice model of the fishing location decision in the Newport, Oregon bottom 

trawl groundfish fishery is estimated and used to simulate the spatial management 

measure called the Rockfish Conservation Area (RCA).  

The developed model indicates that it is possible to specify a behavioral model 

capable of capturing the key aspects of the spatial behavior of the groundfish fleet and 

yet simple enough to allow the estimation. The key aspects include the expected 

revenues in a fishing area, expected costs to reach an area, no information regarding 

fleet revenues during the period of one month prior to the choice occasion, and the 

pattern of fishing across fishing areas. 



Fishery policy makers would often benefit from information on how a policy 

might change fishermen behavior before the policy is implemented. Discrete choice 

models may be used to make predictions about these potential changes. Most of the 

simulation work done so far, however, has not been validated. This dissertation 

contributes to the literature by comparing simulated behavioral response with actual 

response to implemented RCAs.  

The results show that although the majority of fishing areas are predicted to 

less than 3% error, four out of 15 areas are either highly overpredicted or 

underpredicted. This underlines the inherent problem of the simulation not being able 

to capture the fundamental change in the nature of the choice problem that occurs with 

the change in policy. Addressing this problem will be important as these models 

continue to be used to inform policy makers. 



 

 

 

 

 

 

© Copyright by Branka Valcic 

January 10, 2007 

All Rights Reserved 



The Economics of Spatial Choice and Displacement: Case Study of the Oregon 

Bottom Trawl Groundfish Fishery 

 

 

by 

Branka Valcic 

 

A DISSERTATION 

submitted to 

Oregon State University 

 

in partial fulfillment of 

the requirements for the  

degree of 

 

Doctor of Philosophy 

 

 

Presented January 10, 2007 

Commencement June 2007 



Doctor of Philosophy dissertation of Branka Valcic presented on January 10, 2007. 

 

APPROVED: 

 

Major Professor, representing Agricultural and Resource Economics 

 

 

Head of the Department of Agricultural and Resource Economics 

 

 

Dean of the Graduate School 

 

 

 

I understand that my dissertation will become part of the permanent collection of 
Oregon State University libraries. My signature below authorizes release of my 
dissertation to any reader upon request. 

 

Branka Valcic, Author 



ACKNOWLEDGEMENTS 

I would like to thank my advisor, Dr. Susan Hanna, for all the things that she has done 

for me since I met her in October of 2002. I would also like to thank the members of 

my committee for all their wonderful help and support. In particular, I am thankful to 

Dr. Munisamy Gopinath for help with the tricky issues of econometric modeling, to 

Dr. Andrew Plantinga for insights into the discrete choice modeling and testing, and to 

Dr. David Sampson for sharing his knowledge about the groundfish fishery and for 

often providing me with a different way of looking at things. 

I would also like to thank Oregon Sea Grant for their funding. This project was 

supported by Oregon Sea Grant under NOAA grant number NA16RG1039 (project 

number R/RCF-10) and by appropriations made by the Oregon State legislature. Many 

thanks to Oregon Department of Fish and Wildlife Marine Program, especially Mark 

Saelens, for his assistance in providing trawl logbook and other data so essential for 

this dissertation. 

Many others helped me during the development of this dissertation by providing 

valuable advice and knowledge in their areas of expertise. For this I would especially 

like to thank Merrick Burden, Marlene Bellman, Chris Romsos, John Seabourne, and 

Dr. Richard Young. I would also like to express my gratitude to Dr. Joe Little for his 

support and for selflessly taking the time to help me during the writing phase. 



I also want to thank all my friends who despite me being unable to converse about 

anything else but my dissertation for many months still talk to me and continue to 

offer their support. I especially want to thank my friend Dannele Peck for always 

being able to put a smile on my face. Dannele, you hold a very special place in my 

heart. 

I want to thank my mom and dad for raising me to see the value of education and for 

unwaveringly supporting me every step of the way. I thank my sister for her advice 

and sometimes very passionate support, which brought the much needed boost for 

getting things done. 

Finally, this dissertation would not have seen the light of the day, if my husband 

Lovro had not taken it as seriously, and sometimes even more seriously, than me. 

Lovro, no words can express my gratitude for all that you have done.  

 



TABLE OF CONTENTS 
 

Page 
 

I. Introduction............................................................................................................ 1 

II. Background ............................................................................................................ 6 

III. Literature Review................................................................................................. 14 

Marine Protected Areas............................................................................................ 14 

Modeling Fishermen Behavior in the Discrete Choice Framework......................... 21 

IV. Modeling .............................................................................................................. 31 

Random Utility Model ............................................................................................. 31 

Econometric Modeling............................................................................................. 32 

Relaxing the IID Assumption................................................................................... 35 

V. Data ...................................................................................................................... 42 

Logbooks.................................................................................................................. 42 

Fish Tickets .............................................................................................................. 48 

VI. Methods................................................................................................................ 50 

Model Variables ....................................................................................................... 50 

Model Variables Construction ................................................................................. 55 

Defining and Constructing Fishing Areas................................................................ 58 

VII. Econometric Results ............................................................................................ 62 

VIII. Policy Application................................................................................................ 78 

IX. Conclusion ........................................................................................................... 89 

Bibliography................................................................................................................. 93 

Appendices................................................................................................................. 100 

 



LIST OF FIGURES 
 
Figure Page
 
1. Management Areas under the Pacific Groundfish FMP .......................................... 10 

2. Bottom Trawl Locations per Port of Departure 1998 - 2003................................... 45 

3. Bottom Trawl Locations Departing and Returning from Newport 

    within the Study Area During Winter Months 1999 - 2002..................................... 47 

4. Bottom Trawl Locations per Port within the Study Area During 

    Winter Months 1999 - 2002 ..................................................................................... 48 

5. Fishing Areas with RCA Boundaries....................................................................... 59 

6. Pre-RCA Estimated and Actual % Share of Fishing Difference ............................. 71 

7. Lithology in the Study Area and pre-RCA Fishing Locations................................. 73 

8. Pre-RCA Average Estimated % Share of Fishing.................................................... 75 

9. Pre-RCA Estimated Fishing Density ....................................................................... 77 

10. Simulated % Share of Fishing................................................................................ 81 

11. RCA Actual % Share of Fishing ............................................................................ 83 

12. Simulated and Actual RCA % Share of Fishing Difference .................................. 85 

13. Lithology in the Study Area with pre-RCA and RCA Fishing Locations ............. 87 



LIST OF TABLES 

 
Table Page
 
1. Selected Management Measures Used in the Management of the 

    Pacific Groundfish Commercial Fishery.................................................................. 12 

2. HEV Results: Samples vs. Full Data Set ................................................................. 62 

3. Model Variables ....................................................................................................... 63 

4. HEV Results............................................................................................................. 64 

5. Pre-RCA Actual and Estimated % Share of Fishing and Their Difference ............. 70 

6. Pre-RCA Estimated Density and % Share of Fishing.............................................. 76 

7. Simulated and Actual RCA % Share and Their Difference..................................... 80 

8. HEV Results: RCA Coefficients and Pre-RCA Confidence Intervals..................... 86 

 



LIST OF APPENDICES 
 
Appendix Page
 
I. List of Species included in the Pacific Coast Groundfish FMP ............................. 101 

II. National Standards for Fishery Conservation and Management........................... 104 

III. Rockfish Conservation Area (RCA) for Limited Entry Trawl Gear 

      North of 40º10’ N Latitude Boundaries 2002 - 2005........................................... 105 

IV. Nearshore Logbook Sample and Instructions ...................................................... 106 

V. Logbook Database Fields ...................................................................................... 108 

VI. Fish Ticket Database Fields ................................................................................. 111 

VII. Program Codes ................................................................................................... 112 

VIII. Some Additional Models................................................................................... 142 

 



LIST OF APPENDIX TABLES 
 
Table Page
 
A1. Standard Multinomial Logit ................................................................................ 143 

A2. Testing IIA Assumption...................................................................................... 144 

A3. Nested Logit with Nests Specified Based on Areas’ Depth................................ 145 

A4. Nested Logit with Nests Specified Based on Areas’ 

       North – South Orientation................................................................................... 146 

A5. Nested Logit with Nests Specified Based on Areas’ 

       Depth and North – South Orientation ................................................................. 147 

A6. HEV Model with 01/01/1999 – 04/30/1999 Dummy ......................................... 148 

A7. HEV Model with 10/01/1999 – 04/31/2000 Dummy ......................................... 150 

A8. HEV Model with 10/01/2000 – 04/30/2001 Dummy ......................................... 152 

A9. HEV Model with 10/01/2001 – 04/30/2002 Dummy ......................................... 154 

A10. HEV Model with Trip Experience Dummy ...................................................... 156 

A11. HEV Model with Number of Vessels in the Lag Variable ............................... 157 

 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

To Lovro 
 
 
 
 



 
The Economics of Spatial Choice and Displacement: Case Study of the Oregon 

Bottom Trawl Groundfish Fishery 
 

I.  Introduction 

Although fish stocks are renewable resources, they are not infinite and need to 

be properly managed if they are to be sustained. According to the United Nations Food 

and Agriculture Organization (FAO), 10 percent of major marine fish stocks (species 

or species groups) for which there is information available are significantly depleted, 

18 percent of stocks are overexploited (will decline further unless restorative 

management measures are taken), 47 percent are fully exploited (catches that have 

reached or are close to maximum sustainable yield1), and the remaining 25 percent are 

underexploited or moderately exploited (FAO 2002).  

In recent years, many scientists, fisheries managers, national and international 

organizations have recognized that traditional fisheries management, which focuses on 

target species as independent, self-sustaining populations, is insufficient because it 

fails to take into account the interactions among fish species, and between fish species 

and the ecosystems within which they exist, including humans (Schramm and Hubert 

1996; FAO 2002).  

Due to the failure of the fishery management to sustain the fishery resources 

base, it is clear that new approaches to fishery management need to be developed and 

implemented (FAO 2002). A new approach that has been widely discussed is the 

ecosystem-based approach to fishery management (EAFM), which has been defined 

by FAO as the approach that “strives to balance diverse societal objectives, by taking 
                                                 
1 Maximum sustainable yield (MSY) is interpreted as the maximum available average catch that can be 
sustained over a long period of time (PFMC 2006). 
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into account the knowledge and uncertainties about biotic, abiotic and human 

components of ecosystems and their interactions and applying an integrated approach 

to fisheries within ecologically meaningful boundaries” (FAO 2003). Abiotic 

components of ecosystems are those characterized by the absence of living organisms 

(e.g. sunlight, heat, rock), in contrast to the biotic components of ecosystems, which 

pertain to the living beings (plants, animals, and humans).  

In general, EAFM emerged as a result of the better understanding of marine 

environments, their spatial heterogeneity and the consequent “need to preserve the 

structure of marine ecosystems” (National Research Council 2001, p. 3). The concept 

of EAFM does not have a universal definition or a consistent application (Brodziak 

and Link 2002; Poe 1996). One perspective draws on comprehensive definitions that 

incorporate ecological, economic, and social concerns (e.g. Christensen et al. 1996; 

FAO 2003; IEMTF 1995). An alternative perspective defines EAFM as management 

that strives only to sustain natural ecosystems and to protect them from harmful 

human activities (e.g. Grumbine 1994; Larkin 1996). The latter are more conformable 

with the ecology or conservation biology view of EAFM, which does not, necessarily, 

concentrate on decision-making processes or public preferences within these 

processes.  

Regardless of which view is adopted, a successful implementation of an 

EAFM will depend on how well various components of an ecosystem (i.e. abiotic, 

biotic, and human) and their interactions are understood. Once the components and 
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their interactions are well understood it may be possible to understand the workings of 

an ecosystem and how to successfully implement an EAFM. 

This dissertation research aims to contribute to that understanding by studying 

the behavior of fishermen, and particularly, the spatial components of their behavior. 

The first question addressed is: What motivates fishermen to choose one fishing 

location over another?  

This question is associated with the economics of choice, which looks at 

decision-makers’ (fishermen’s in this case) behavior with regards to their choices 

among a set of alternatives. Commercial fishermen are faced with making fishing 

location decisions not only because fish are heterogeneously distributed throughout 

the ocean but also because fishing costs vary. Naturally, this presents any profit 

maximizing commercial fishermen with a challenging proposition as fishing success 

and costs depend on their choice of where to fish. 

Fishing location choice also impacts the fish, other marine resources, and the 

ecosystems in which they live. Understanding how fishing location choices are made 

contributes to the understanding of the human component of the ecosystem and directs 

attention to areas where the interaction between fishermen and the marine ecosystem 

will most likely occur. This becomes critically important when one considers the 

increased use of spatial management measures to manage the fisheries, and the 

impacts of that are not yet well understood (Wilen 2000). Therefore the second 

question addressed by this dissertation is: How does a spatial management policy 

influence a fishing location decision? 
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This question can easily be associated with the economics of displacement, 

which is one of the most important consequences of any spatial management measure. 

It comes into play when, for example, a spatial management measure that permanently 

prohibits fishing within its boundaries (also referred to as a marine reserve) is 

introduced into a fishery and fishermen who used to fish in that area are displaced into 

another area where either secondary displacement, congestion, or both occurs. This, in 

turn, may have negative impacts on marine ecosystems through overfishing and 

habitat alteration. 

Fishermen will also most probably be negatively impacted through the 

workings of the economics of displacement since more fishermen will now be 

competing for the fishery resource in a smaller area. Even if some fishermen decide to 

exit the fishery due to more favorable opportunities elsewhere, the total fishery 

resource available for harvesting will still most probably be lower than before, 

especially if closed areas are placed in high yield parts of the ocean (Sanchirico and 

Wilen 2001). By anticipating the economics of fishing effort displaced from the closed 

area, however, one may be able to design regulations with the incentive structure that 

successfully deals with these displacement issues. 

To address the two questions, I estimate a discrete choice model of fishing 

location choices and use the model to investigate the impacts of a spatial management 

measure on the spatial behavior of fishermen through simulation. I then compare the 

simulated redistribution of fishing effort with the actual redistribution of effort that 

had occurred with the implementation of this spatial management measure. By doing 
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so, I not only contribute to the general understanding of the economics of choice and 

displacement, but by increasing the pool of knowledge needed for successful 

implementation of the ecosystem-based approach to fishery management, I also 

address a critical issue in the fishery management policy. 

The model is estimated using data for the Oregon bottom trawl groundfish 

fishery, which is a part of the multi-species Pacific groundfish fishery off the coasts of 

Washington, Oregon, and California. In the Pacific groundfish fishery seven species 

are currently declared as overfished. To help rebuild these species a spatial 

management measure called Rockfish Conservation Area (RCA) has been 

implemented into the fishery. An RCA is a type of closed area defined by specific 

latitude and longitude coordinates. The focal spatial management measure of this 

dissertation is the trawl RCA off the Oregon coast.  

The estimated model is the first of its kind applied to any portion of the Pacific 

groundfish fishery and to my knowledge this study is the first to compare the actual 

and simulated redistribution of fishing effort due to a spatial management measure. 
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II.  Background 

The Oregon groundfish fishery is a multi-species fishery managed under the 

Pacific Coast Groundfish Fishery Management Plan (GFMP) (PFMC 2006). 

“Groundfish” refers to species that live mostly on or near the bottom of the ocean. The 

groups of species include rockfish, flatfish, roundfish, sharks, skates, and others. For a 

full list of the 89 species included in the GFMP refer to Appendix I.  

Groundfish can be harvested using different types of gear, including troll, 

longline, hook and line, pots, gillnets, and trawls (PFMC 2006a). Most commercially 

harvested fish in the Oregon groundfish fishery are caught using trawls. For example, 

in 2001, 97.95% of commercially caught groundfish in Oregon was harvested by the 

trawl gear (ODFW 2006). Trawls are funnel-shaped nets towed by fishing vessels 

through the water while the net is held open vertically by the force of water moving 

against two large doors or (otter) boards (NEFSC 2006) (see Image 1). 

Image 1. Trawling Vessel – Illustration 

 
Source: (CSC 1997) 
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Oregon groundfish trawl vessels use otter trawl gear to fish near the ocean 

floor (bottom trawl) or in the water column (midwater, pelagic or off-bottom trawl). A 

bottom trawl keeps the otter boards (doors) or the footrope in contact with the seabed. 

With a midwater trawl the otter boards may be in contact with the seabed but the 

footrope should remain above the seabed (50 CFR 660.302). Regulations restrict the 

extent of contact the footrope of a midwater trawl has with the seafloor (50 CFR 

660.310). For example, a midwater trawl must have “unprotected footropes at the 

trawl mouth” and the footrope “may not be enlarged by encircling it with chains or by 

any other means” (50 CFR 660.310). A bottom trawl, on the other hand, is designed to 

maintain bottom contact and may have different footrope configurations depending on 

the target species and its habitat. For example, a fisherman may choose small steel or 

rubber rollers (also called cookies) if harvesting on flat sand and mud, or very large 

rubber rollers (also called rockhoppers) to fish in rocky habitat (MCBI 2005).  

In the Oregon groundfish fishery, bottom trawl gear is subdivided into large 

and small footrope gear. Large footrope gear has a diameter larger than 8 inches 

(including rollers or other material attached to the footrope), while small footrope gear 

has a diameter of 8 inches or smaller (50 CFR 660.381). Certain types of species are 

allowed to be taken only using small footrope gear, such as flatfish, which in some 

areas must be harvested using only selective flatfish gear (a type of small footrope) 

(50 CFR 660.381). 
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The Oregon groundfish trawl fishery is limited access, which means that all 

trawl vessels targeting groundfish must have a permit to operate. The fishery is 

primarily managed using cumulative trip limits that may vary by gear type, gear 

restrictions by area, closed areas to all bottom trawl fishing (e.g. RCA), size limits, 

and mesh size limits. A cumulative trip limit is “the maximum amount that may be 

taken and retained, possessed, or landed per vessel in a specified period of time 

without a limit on the number of landings or trips, unless otherwise specified.” (50 

CFR Part 660.302) Minimum trawl mesh size, for any bottom trawl gear in the Oregon 

bottom trawl groundfish fishery is 4.5 inches (50 CFR 660.381). 

Conservation and management of the Oregon groundfish fishery are conducted 

under the authority of the Magnuson-Stevens Fishery Conservation and Management 

Act (MSFCMA, 16 U.S.C. § 1801 - § 1883), which forms the legal base for most of 

U.S. fishery management. The Act, passed in 1976 and most recently amended in 

1996, gives to the U.S. an exclusive fishery management authority over all fishery 

resources within the U.S. Exclusive Economic Zone (EEZ), which extends 200 

nautical miles (nm) from the seaward boundary of each coastal state, on the 

continental shelf beyond the EEZ, and over the range of all anadromous migratory 

species within the international waters (16 U.S.C. § 1811).2 

                                                 
2 States’ seaward boundary extends up to 3 nm from the coastline into the Atlantic Ocean or the Pacific 
Ocean and up to 3 marine leagues (roughly 9 nm) from the coastline into the Gulf of Mexico 
(Submerged Lands Act, 43 U.S.C. § 1301). 
Continental shelf in this context means part of the ocean floor that extends from the U.S. coast to a 
depth of 200 meters or beyond, if the adjacent areas are of a depth that admits the natural resources 
exploitation (16 U.S.C. § 1802 (6)). 
Anadromous fishes in this context are species of fish which spawn in fresh waters and estuaries of the 
U.S. and migrate to the ocean (16 U.S.C. § 1802 (1)). 
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The Act also establishes eight regional fishery management councils (16 

U.S.C. § 1852 (a)(1)). The Pacific Fishery Management Council (PFMC) manages 

fisheries in the federal waters off California, Oregon, and Washington coasts, and in 

the state of Idaho (16 U.S.C. § 1852 (a)(1)(F)). The Council has 14 voting members, 

including a state official from each of the four states appointed by the states’ 

governors, the regional director of the National Marine Fisheries Service (NMFS), a 

member appointed from an Indian tribe with federally recognized fishing rights, and 

eight members appointed by the secretary of commerce (16 U.S.C. § 1852 (a)(1)(F) 

and § 1852 (b)(1)). 

Under the MSFCMA, the councils are mandated to develop and amend (when 

necessary) Fishery Management Plans (FMPs) for managing fisheries in the federal 

waters (16 U.S.C. § 1852 (h)(1)). Any FMP must contain the conservation and 

management measures necessary to prevent overfishing and rebuild overfished stocks 

and must be consistent with ten national standards for fishery conservation and 

management3 (16 U.S.C. § 1853 (a)(1)). Any FMPs must be approved by the secretary 

of commerce (16 U.S.C. § 1854), the process which is, in most cases, delegated to the 

National Marine Fisheries Service (NMFS). 

The Pacific Coast Groundfish Fishery Management Plan (GFMP) was 

developed by the PFMC in 1982 and by September 6, 2006 has been amended 19 

times. The management regime of GFMP applies to all vessels (domestic and foreign) 

fishing for groundfish within the U.S. EEZ between the U.S. – Canada and the U.S. - 

                                                 
3 For list of the 10 national standards, see Appendix II. 
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Mexico borders (as specified in 42 FR 12938, March 7, 1977). The PFMC determines 

management areas within that part of the ocean, based on the International North 

Pacific Fisheries Commission (INPFC) statistical areas (PFMC 2006) (see Figure 1). 

As can be seen from the Figure, most of the Oregon groundfish fishery is in the 

Columbia Management Area. 

Figure 1. Management Areas under the Pacific Groundfish FMP 

 

 

 

 

 

 

 

 

 

 

 

 

 

Source: (PFMC 2006) 
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Under the GFMP, a number of fishery management measures can be used to 

manage the Oregon groundfish fishery (Table 1). A management measure that is of a 

particular interest in this dissertation is the trawl Rockfish Conservation Area (RCA), 

which is an area closure that runs along the coasts of Washington, Oregon, and 

California and is defined by specific latitude and longitude coordinates designed to 

approximate specific depth contours within which any trawling for groundfish is 

prohibited (50 CFR 660.381 (d)(4)). The trawl RCA provides protection to some of 

the groundfish species declared overfished under the GFMP. 

There are seven groundfish species currently designated as overfished under 

the GFMP. They are canary rockfish (Sebastes pinniger), darkblotched rockfish 

(Sebastes crameri), lingcod (Ophidon elongates), Pacific Ocean perch (Sebastes 

alutus), bocaccio (Sebastes paucispinis), cowcod (Sebastes levis), widow rockfish 

(Sebastes entomelas), and yelloweye rockfish (Sebastes ruberrimus) (PFMC 2006).  

A species becomes overfished under the GFMP, when its estimated current 

stock abundance falls below an overfished threshold level, which is 50 percent of the 

stock’s maximum sustainable yield (MSY) biomass level, if MSY is known (PFMC 

2006). If the MSY biomass is unknown, a species becomes overfished when its 

estimated current stock abundance is below 25 percent of its estimated unfished 

biomass level (PFMC 2006). The Secretary of Commerce identifies overfished stocks 

and informs the appropriate council requesting actions to be taken to rebuild the 

overfished stock(s) (16 U.S.C. § 1854 (e)). Amendment 16-1 to the Pacific Coast 

GFMP establishes a framework for adopting and reviewing rebuilding plans for 
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overfished groundfish species (PFMC 2003). Amendment 16-2 adopts rebuilding 

plans for darkblotched rockfish, Pacific ocean perch, lingcod, and canary rockfish 

(PFMC 2003a), while Amendment 16-3 adopts rebuilding plans for bocaccio, cowcod, 

widow rockfish, and yelloweye rockfish (PFMC 2004). 

Table 1. Selected Management Measures Used in the Management of the Pacific 
Groundfish Commercial Fishery 

Management 
Measure Use 

Permits, 
licenses, 

endorsements 

Used to enumerate participants in an industry and to control 
participation.  

Mesh size 
Used to control the size of fish retained in the net so that 

immature fish or a particular fish species can pass through 
protecting the long-term productivity of the fish population.  

Trip landing 
limits and trip 

frequency 

Used to control trip landings to extend the fishery over a longer 
time by delaying reaching a quota. 

Quotas 

Used to control allocation of the resource spatially (by 
specifying a quota for a particular area), by gear type, time 

period, species or species group, and/or vessel or permit 
holder.

Size limits Used to control the size of fish taken from the fishery.  

Time/area 
closures 

Used to control the amount of time or space where vessels are 
allowed to fish to avoid times and places where fish are 

spawning in high concentrations or are particularly vulnerable. 

Other forms of 
effort control 

Used to control other input, such as number of units of gear 
used and/or the size of trawls. 

Source: (PFMC 2006) 
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The portion of the trawl RCA that runs along the Oregon coast offers 

protection mostly to canary rockfish, darkblotched rockfish, and Pacific Ocean perch. 

Other species declared overfished under the GFMP either mostly inhabit more shallow 

waters than those protected by the trawl RCA (yelloweye rockfish) or can be 

predominantly found off the California coast (cowcod, bocaccio) (PFMC and NMFS 

2006). Naturally, however, an area closed to fishing by a certain type of gear offers 

protection from fishing to all species caught with that gear, either as target species or 

as bycatch, so that all species caught by the trawl gear will be de facto protected 

within the trawl RCA. 

The trawl RCA was first implemented in October 2002 by closing to any 

trawling for groundfish the entire ocean area between 100 and 250 fathoms (fm) (67 

FR 57973, September 13, 2002). The measure may change seasonally based on 

bycatch rates of overfished species (PFMC 2006). Appendix III shows the changes in 

the trawl RCA depth contours through the end of 2005. Since it covers the longest 

time span for which I have data available, the trawl RCA that was in effect from 

October 1, 2002 until April 30, 2003, is particularly useful for analyzing the effects of 

the RCA measure on the spatial behavior of Oregon bottom trawl groundfish 

fishermen. 
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III. Literature Review 

Marine Protected Areas 

Faced with widespread declines in ocean health, many nations are establishing 

what is now commonly called marine protected areas (MPAs), to preserve and restore 

marine ecosystems and their services, as well as to serve as a tool for sustainable 

fisheries management (NMPAC 2005a). Because the UN Food and Agriculture 

Organization (FAO) describes the purpose of an ecosystem-based approach to fishery 

management (EAFM) as to “plan, develop and manage fisheries in a manner that 

addresses the multiplicity of societal needs and desires, without jeopardizing the 

options for future generations to benefit from a full range of goods and services 

provided by marine ecosystems” (FAO 2003, p. 6), it is possible that MPAs could 

occupy an important role as an ecosystem-based fishery management (EAFM) tool. 

The concept of MPAs has been around for centuries and the term MPA has 

been in use for over two decades (NMPAC 2004a). Executive Order 13158 defines a 

marine protected area as “any area of the marine environment that has been reserved 

by Federal, State, territorial, tribal, or local laws or regulations to provide lasting 

protection for part or all of the natural and cultural resources therein” (65 FR 34909, 

May 31, 2000). Under such a broad definition, MPAs may include national marine 

sanctuaries, fishery closures, critical habitat, habitat of particular concern, national 

wildlife refuges, national estuarine research reserves, national parks, conservation 

areas, and state parks (NMPAC 2004b). 
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Rockfish Conservation Areas (RCAs) are listed among marine managed areas 

(MMAs) in the U.S. MMA Inventory (NMPAC 2006), which is the official list of 

potential MPAs and a first step towards fulfilling a mandate of Executive Order 13158 

to “develop a scientifically based, comprehensive national system of MPAs 

representing diverse U.S. marine ecosystems, and the Nation's natural and cultural 

resources” (65 FR 34909, May 31, 2000). The list of officially designated MPAs in the 

U.S. has not yet been assembled but the sites in the MMA Inventory should meet a set 

of criteria set forth by the National MPA Center (NMPAC) based on the MPA 

definition given in the Executive Order.4 These criteria, taken from the official 

NMPAC website, are as follows (NMPAC 2005b): 

(1) Area: “Must have legally defined geographical boundaries, and may be 

of any size, except that the site must be a subset of the U.S. federal, 

State, commonwealth, territorial, local or tribal marine environment in 

which it is located.” 

(2) Marine: “Must be: (a) ocean or coastal waters…; (b) an area of the 

Great Lakes or their connecting waters; (c) an area of lands under 

ocean or coastal waters or the Great Lakes or their connecting waters; 

or (d) a combination of the above.” 

(3) Reserved: “Must be established by and currently subject to federal, 

state, commonwealth, territorial, local or tribal law or regulation.” 

                                                 
4 Uravitch, Joseph. NMPAC Director. Personal Communication. August 30, 2006. 
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(4) Lasting: “Must provide the same protection, for any duration within a 

year, at the same location on the same dates each year, for at least two 

consecutive years. Must be established with an expectation of, history 

of, or at least the potential for permanence.” 

(5) Protection: “Must have existing laws or regulations that are designed 

and applied to afford the site with increased protection for part or all of 

the natural and submerged cultural resources therein for the purpose of 

maintaining or enhancing the long-term conservation of these 

resources, beyond any general protections that apply outside the site.” 

Although RCAs are listed in the MMA Inventory, additional information is not 

provided. It is possible that some of the RCAs do not satisfy the “lasting” criterion 

entirely and should, therefore, not be included in the MMA Inventory.5 For example, a 

portion of the trawl RCA has provided the same protection at the same location for 

more than two consecutive years, but the RCA boundaries have changed (see 

Appendix III), and therefore the entire RCA measure could not be said to have 

satisfied the “lasting” criterion. Nevertheless, since the trawl RCA has provided 

protection from trawl groundfish fishing to a major portion of the ocean for almost 

four years, it is not a stretch to consider it an MPA. 

A question to consider, however, is how useful are the MPAs as an ecosystem-

based approach to fishery management (EAFM) tool. When looked at within the FAO 

EAFM framework, the usefulness of an MPA as an EAFM tool hinges upon the 

                                                 
5 Lopez, Ralph. NOAA Fisheries. Personal Communication. August 30, 2006. 
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constraint that current generations must not jeopardize options for future generations 

to enjoy the benefits from all possible marine ecosystem goods and services. The 

concept of ecosystem goods and services arises from translating ecosystem 

components and ecological processes into products and conditions that possess some 

value to human beings (De Groot, Wilson, and Boumans 2002). In the case of a 

fishery, the most obvious ecosystem good is the fish itself, while an example of an 

ecosystem service can be the genetic information embodied in species (Hanna 2001). 

Because a number of empirical ecological studies show significant increases in 

species size, abundance, diversity, and fecundity within MPAs (see for example Russ 

and Alcala 1996; Hixon 2002; Halpern 2003), it can be said that MPAs can protect 

fish within their boundaries and, if made to last until species full recovery, preserve an 

option to fish or otherwise use marine ecosystem goods and services by future 

generations. It is trickier, however, to consider whether MPAs can do the same outside 

of their boundaries. A number of theoretical and simulation ecological models suggest 

that MPAs have the potential to enhance fisheries (Gaines, Gaylord, and Largier 2003; 

Nowlis 2000; Rodwell et al. 2002). Also, based on suggestions that emigration of 

juveniles and adults from MPAs to fished areas is positively related to greater 

densities and larger sizes of fish within MPAs, and that larvae dispersal is positively 

related to higher fecundity within MPAs, it might be possible to draw conclusions that 

MPAs can, in general, enhance fisheries (Chiappone and Sullivan Sealy 2000; Hixon 

2002).  
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Empirical evidence to support this hypothesis, however, is scarce. The most 

solid reported evidence of MPAs ability to enhance fisheries outside of their 

boundaries is an empirical study of marine reserves (a type of MPA within which all 

resource extraction is prohibited) in Florida and St. Lucia in the Caribbean Sea. Within 

five years of creation, catches by artisanal fisheries in waters adjacent to a network of 

small reserves in St. Lucia increased by 46% to 90% (Roberts et al. 2001), while 

reserves within Florida’s Merrit Island National Wildlife Refuge were observed to be 

suppliers of “increasing numbers of world record-sized fish to adjacent recreational 

fisheries since the 1970s" (Roberts et al. 2001, p. 1920). Clearly, more empirical 

evidence of this sort across various geographical locations, including both the 

ecosystems of tropical and temperate latitudes (to my knowledge, there are no 

empirical studies of this sort done for temperate zones) is needed to make a solid 

conclusion regarding MPAs’ ability to enhance fisheries. 

When discussing the usefulness of an MPA as an EAFM tool, it is also 

important to consider the economic effects of MPAs on fishermen because of the 

EAFM’s premise to address the multiple societal needs and desires. It is interesting 

that bioeconomic models show that there are situations, albeit few, in which an 

introduction of marine reserves could be economically justified. However, direct 

positive economic effects, in terms of an increase in aggregate catch, present value of 

rent, or present value of harvest, are crucially dependent on the placement of marine 

reserves and the status of the fishery prior to the introduction. 
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For example, in an open access fishery around a marine reserve, it is shown 

that economic effects can be positive, if the fishery is highly exploited, and an ability 

to control the effort in the fishery is very low (Sanchirico and Wilen 2001; Holland 

and Brazee 1996; Boncoeur et al. 2002). In a limited-entry fishery, the economic 

effects of introducing a marine reserve can be positive only if the reserve is placed in a 

pre-reserve high-cost, low productivity area, and with total effort close to that of open 

access (Sanchirico and Wilen 2002). Additionally, many agree that marine reserves 

should not be placed in an area importing individuals and producing little of its own 

(also called a sink area), but that placing a marine reserve in an area that exports 

individuals (also called a source area) might provide economic benefits (Sanchirico 

and Wilen 2001; Anderson 2002). 

On the other hand, a number of theoretical studies show that creating a marine 

reserve will lead to direct negative economic effects in terms of decreased total catch 

or decreased present value of rent, in both an open access fishery (Hannesson 2002, 

1998; Arnason 2001) and in an optimally managed fishery (Conrad 1999). Some 

authors argue, however, that even if there are no direct positive economic effects of 

creating marine reserves in a fishery, the reserves could prove economically beneficial 

in terms of providing insurance value against uncertainties (Conrad 1999; Hannesson 

2002; Sumaila 1998, 2002; Arnason 2001), reducing variability of harvest (Conrad 

1999; Hannesson 2002), or complementing traditional management tools (Sumaila 

2002).  
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Due to complexity and lack of data, the theoretical bioeconomic studies of 

MPAs have not yet been empirically tested.6 It has therefore been extremely difficult 

to come to a consensus about the role of MPAs as an EAFM tool from an economic 

point of view. Recently, however, another way to investigate the effects of MPAs on a 

fishery has been found in the discrete choice framework of fishermen location choices. 

Unlike the bioeconomic models, which focus on the effects of MPAs on the 

long-term bioeconomic equilibrium, the discrete choice models focus on the short-

term (immediately after the closure) effects of MPAs. Although this approach fails to 

take into account the permanent nature of MPAs, it provides a starting point for policy 

making. Additionally, although a discrete choice model (DCM) usually simulates 

MPAs into the fishery, the model itself is estimated using real world data. The 

downside of the simulation, however, is that the data used to estimate the model 

parameters that are then used in simulating MPAs, do not capture structural changes 

that would have possibly occurred with an introduction of an MPA into the fishery. 

The existence of RCAs in the Oregon groundfish bottom trawl fishery enables 

investigation of the actual impacts of this spatial management measure on the fishing 

location choice of Oregon bottom trawl fishermen as well as the comparison of these 

results with results obtained through simulation.  

                                                 
6 For empirical studies on the economics of MPAs see Hall et al. (2002), Leeworthy and Wiley (2000, 
2002), Kelly et al. (2001), Nsiku (2001), Rudd et al. (2001), Sasmitawidjaja (2002), and Stewart and 
Wilen (2000). While these studies are designed to quantify general economic benefits and costs of 
MPAs, they are not fisheries oriented. 
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Modeling Fishermen Behavior in the Discrete Choice Framework 

Before finding its implementation in modeling fishermen behavior, discrete 

choice models (DCMs) have been used for a long time in modeling travel choices (see 

for example Ben-Akiva and Lerman 1985; McFadden 1974). The first authors to take 

the advantage of a DCM to model fishermen behavior were Bocksteal and Opaluch 

(1983), who developed a DCM for modeling fishery participation decision by New 

England fishermen. The authors assumed fishermen were risk averse with a decreasing 

absolute risk aversion, and found that New England fishermen responded positively to 

the increased expected utility of returns but that they were slow to adjust to changes. 

Following the seminal paper of Bockstael and Opaluch (1983), a number of 

other studies developed DCMs to examine various discrete choices made by 

fishermen. These choices ranged from long-term decisions such as entry and exit in 

and out of a fishery (Ward and Sutinen 1994), medium-term decisions such as weekly 

fishery choice (Larson, Sutton, and Terry 1999), to short-term decisions of a daily 

fishery location choice (see below). One of the reasons for an increased popularity of 

DCMs in modeling fishermen behavior is that, when individual data exist and can be 

obtained, discrete choice framework offers an opportunity to study individual behavior 

at finer time and spatial resolutions than other frameworks (Wilen 2004). Additionally, 

DCMs are theoretically consistent and posses a natural ability for simulating various 

policy scenarios (Smith 2002). 



 
 

22

Following the suite of bioeconomic fishery models, which existed for a few 

decades prior to the discrete choice fishery models (see for example Scott 1955), the 

first DCMs of fishermen behavior assumed the ocean to be a homogeneous space in 

which fish are uniformly distributed and one fishing location is the same as any other 

fishing location. Since then it has become clear that incorporating space into 

renewable resource models can yield additional and important insights. 

Sanchirico and Wilen (1999) developed a theory to help structure the empirical 

analyses and test hypotheses about how decision-makers behave over space. Their 

open access fishery bioeconomic model incorporates both the intertemporal and 

spatial dynamics of a fishing fleet and fish stock. The analysis of bioeconomic 

equilibrium in a spatial context reveals that the equilibrium patterns of biomass and 

fishing effort across the system of spatially interconnected patches is dependent upon 

bioeconomic conditions within each patch and the properties of the biological 

dispersal mechanism between patches. Thus, by accounting for the spatial aspects of 

economic activity, one takes into account important aspects of decision- makers’ 

behavior that may arise in systems in which the resource is heterogeneously 

distributed in space (Sanchirico and Wilen 1999). 

Incorporating space into renewable resource models can also contribute to the 

analysis of spatial management measures, the impacts of which are not well 

understood (Wilen 2000). Fishery managers and scientists are working together on 

investigating the effects of spatial fishery management and emphasizing the role 

economists can play in evaluating the cost effectiveness and efficiency of spatial 
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policies and on designing methodologies needed for this task (Holland et al. 2004). To 

understand the heterogeneity of economic activity over space, more available spatially 

explicit data, increased processing capabilities, and spatial statistics offer opportunities 

that did not exist before (Wilen 2000). 

A small, but growing number of studies in the discrete choice literature 

addresses the spatial choice of commercial fishermen, including Eales and Wilen 

(1986), Dupont (1993), Holland and Sutinen (2000), Mistiaen and Strand (2000), 

Smith and Wilen (2003), Curtis and McConnell (2004), Hicks et al. (2004), and Strand 

(2004). The fisheries that were modeled by these authors include the California pink 

shrimp trawl fishery (Eales and Wilen 1986), the British Columbia salmon fishery 

(various gears) (Dupont 1993), the New England groundfish trawl fishery (Holland 

and Sutinen 2000), the Atlantic and Gulf of Mexico tuna and sword longline fishery 

(Mistiaen and Strand 2000, Strand 2004), the California sea urchin fishery (Smith 

2002; Smith and Wilen 2003; Wilen et al. 2002), the Hawaii tuna and swordfish 

longline fishery (Curtis and Hicks 2000; Curtis and McConnell 2004), and the mid-

Atlantic scallop and ocean quahog fishery (Hicks et al. 2004). 

Some of these discrete choice studies simulated a closure or a number of 

closures to investigate the closure(s)’ welfare effects. In such a way, welfare changes 

were estimated for possible turtle protecting closures in the Hawaii tuna and swordfish 

longline fisheries (Curtis and McConnell 2004; Curtis and Hicks 2000), for potential 

closures in the Mid-Atlantic surfclam and ocean quahog fisheries based on their 

proposed Essential Fish Habitat (EFH) (Hicks, Kirkley, and Strand Jr. 2004), 
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and for a hypothetical closure in the Atlantic and Gulf of Mexico pelagic longline 

fisheries (Strand Jr. 2004).  

To my knowledge only one discrete choice study of the fishing location choice 

looked at the spatial impact of a simulated closure (Wilen et al. 2002). The study 

simulated a closure into the California sea urchin fishery and produced a number of 

interesting results. First, the total fishing effort decreased with the simulated closure. 

The intuition behind this is that if fishermen cannot fish in the closure, some of them 

may prefer other employment opportunities. Second, the effort exhibited an 

asymmetric redistribution, whereby the amount of effort that moves north is not the 

same as the amount of effort that moves south. Finally, “a spatially autocorrelated 

ripple effect” (ibid, p. 564) was observed, which means that areas adjacent to the 

simulated closed area received the largest effort inflows and that the effort died off as 

distances from the closed area increased. These results remain theoretical because 

there is no actual closure in the California sea urchin fishery to which to compare the 

simulation results. 

When developing a DCM of the fishing location choice, a number of modeling 

decisions needs to be made, including decisions about the time period over which the 

location choice is made, the level of aggregation of fishing locations, the approach to 

representing fisherman’s preferences over risky choices, which variables to include in 

the fisherman’s utility function, and how to construct and estimate these variables. The 

latter is discussed in Chapters IV and VI, while the other issues are discussed below. 
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The time period over which location decisions are made is usually modeled on 

a daily or trip basis. The easiest situation is when there is only one choice occasion per 

trip (usually this occurs when trip length is one day). If there are more choice 

occasions per trip, then after the first location choice is made all subsequent location 

choices for that trip may depend on the information acquired at already fished 

locations. Eales and Wilen (1986) avoid this problem by modeling only the first 

fishing location choice of the trip, while other authors model location decisions on a 

trip basis and thus try to define fishing areas in a way that two different areas can not 

be chosen within one trip (Holland and Sutinen 2000). This means that all of the 

information on location choices during the trip is lost, which may lower the usefulness 

of the model for policy purposes. 

Another challenge facing each spatial fishery DCM is defining the appropriate 

fishing areas. It is not uncommon to define fishing areas based on convenience (e.g. by 

using pre-defined statistical areas or a grid). It is also not uncommon for authors to 

define very large fishing areas (Holland and Sutinen 2000). However, the larger the 

area, the bigger the aggregation bias and the smaller the ability to model realistic 

policy measures. Yet the smaller the defined fishing area, the less likely it is that there 

will be enough data for each area to provide the needed/desired information about the 

site. Additionally, what looks like an excellent fishing area design to a researcher may 

not reflect fishing areas as defined by fishermen. Ideally, one would conduct an 

extensive survey asking fishermen to identify their fishing areas on the map, and 

would use those areas in a discrete choice model.  
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Lacking a survey, I rely on existing information to define fishing areas.7 One 

particular piece of information used to construct fishing areas is ocean depth. Depth 

plays an important role in groundfish fishing off the Oregon coast because at different 

times different assemblages of groundfish species live at different depths. 

Yet another challenge in developing a DCM lies in accurately representing 

fishermen’s risk preferences, even though some empirical evidence suggests that risk 

is not an important factor in fishermen’s location choices (Eggert and Martinsson 

2003) and some authors assume that only the first moment matters when modeling 

these decisions8 (Curtis and McConnell 2004; Eales and Wilen 1986). As there 

appears to be no consensus regarding the functional form of the utility function when 

modeling fishermen’s location choices, it seems reasonable to not impose any 

assumptions about fishermen’s risk preferences when modeling location choices, but 

to let this be determined empirically for the fishery modeled. 

To investigate risk preferences in the Oregon bottom trawl groundfish fishery, 

following Larson et al. (1999) I use a simple mean-variance approach, which is 

consistent with expected utility maximization (Meyer 1987) but does not impose any 

prior assumptions on the risk preferences in the fishermen’s location choices. The 

mean-variance approach enables one to simply use the first and second moments, in 

this case the expected revenue and the variance of revenue at each fishing area, in the 

utility function without transforming them to fit an assumed risk behavior. Other 

                                                 
7 Details of how fishing areas were defined (and constructed) can be found in Chapter VII. 
8 This means that they use the expected profit (Curtis and McConnell 2004) or expected catch (Eales 
and Wilen 1986), but not the variance of these variables in modeling fishermen’s location choices.  
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authors to follow this approach include Holland and Sutinen (2000) and Smith and 

Wilen (2003). On the other hand, Dupont (1993), Hicks et al. (2004) and Strand 

(2004) use a logarithmic form of the utility function thus assuming fishermen are risk 

averse when making fishing location decisions.  

A number of authors use two variables to capture the expected profit; the 

expected revenue (or sometimes the expected catch) at each area on each choice 

occasion and some approximation of the expected travel cost such as the distance to 

the center of each area (Smith and Wilen 2003; Eales and Wilen 1986) or steam time 

(i.e. travel time not spent on fishing) (Holland and Sutinen 2000).  

Expected revenue is frequently modeled as the average fleet-based revenue 

over some period prior to the choice occasion (Holland and Sutinen 2000; Smith and 

Wilen 2003) or by estimating an autoregressive model of the revenue or catch (Eales 

and Wilen 1986; Curtis and McConnell 2004). For the latter, there must exist an 

uninterrupted time sequence of the fleet revenues with equal intervals (e.g. the average 

monthly or daily revenues for each area over the entire time span considered in the 

study). If no such time series data exist, an autoregressive model will wrongly 

consider two observations that are, for example five months apart to be one month 

apart (this assumes that the time interval is one month).  

As my data set prevents the estimation of an autoregressive model of revenues 

(I do not have an uninterrupted time sequence of neither daily nor monthly average 

fleet revenues for each fishing area over the period of time that I focus on), I calculate 

expected revenues based on the average fleet-based revenue over a 30 day period prior 
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to the day of departure.9 Following Curtis and McConnell (2004), I update the 

expected fleet-based revenues per area with the individual revenues accumulated over 

the current trip and up to the current choice occasion.10 The expected revenue per area 

for tow t is updated by the amount of catch hailed from tow (t-1) and multiplied by the 

monthly price per species. I assume fishermen do not update information on areas not 

yet visited on this trip; rather he/she has the same information about these areas as 

he/she had when leaving port. 

Although Holland and Sutinen (2000) substitute the mean value across fishing 

areas when there is no actual revenue recorded for a particular area, I feel that this 

would greatly distort my model. This is because the reason for no fishing in these 

areas is their very low or no yield during those periods, which should be reflected 

through low expected revenue. I, therefore, use a mean value of the expected revenue 

per individual and fishing area as a substitute when no actual revenue has been 

recorded over a 30-day period prior to the day of departure. Following Holland and 

Sutinen (2000), I use a dummy variable that takes a value of one in the case of missing 

revenues over those 30 days, and zero otherwise. 

                                                 
9 Although Holland and Sutinen (2000) discovered from their interviews with New England groundfish 
fishermen that information about the location of fish aggregations would have very little value to them 
after 10 days, I use a 30-day period prior to the day of departure to estimate the expected revenues 
primarily because of the lack of data points within a 10-day period prior to the day of departure.  
10 Curtis and McConnell (2004) estimate three models of the fishing location decision, each with a 
different information updating scheme: (a) daily updating (each daily decision is based on daily 
information for all sites, implying almost perfect information); (b) mixed updating (a combination of (a) 
and (c)); and (c) no updating (all decisions made during the trip are based on the information fisherman 
had at the time of leaving port). Their results show that mixed updating outperforms the other two 
schemes in terms of the goodness of fit.  
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To capture the expected travel cost to each fishing area on each choice 

occasion I use the distance from port to the center of each area for the first tow of any 

particular trip (this is the same for all vessels at the beginning of each new trip), and 

the distance from the center of the tow (t-1) area to the center of the tow t area for all 

other tows during that trip (these differ from vessel to vessel and from tow to tow).11 If 

a fisherman decides to stay in the same area for two or more consecutive tows, I 

assume that the distance traveled is five nautical miles (nm).12  

Although other authors used distance to the center of each fishing area as an 

approximation of the travel costs, they did not attempt or did not need to define this 

proxy in a dynamic way. In these studies location decisions were either made as one 

decision per daily trip (Smith and Wilen 2003); only the first tow of the trip was 

modeled (Eales and Wilen 1986); or due to the lack of more detailed data a trip 

location decision was modeled (Holland and Sutinen 2000). By contrast, in the Oregon 

bottom trawl groundfish fishery usually more than one tow is made per day during 

each multiple day trip,13 and I focus on modeling all tows recorded within the study 

area, not just the first.  

                                                 
11 Although the actual distance traveled would be a more accurate approximation of the travel cost, due 
to only the start of the tow location being recorded electronically I was not able to use the actual 
distances traveled. Further, I was not able to use steam time because that information was also not 
available. Finally, even though other costs, such as gear hang-ups, play a large role in the fishing 
location decision in the Oregon bottom trawl groundfish fishery, I focused on the travel costs to avoid 
the increase in complexity of an already complex model. 
12 In this dissertation, each fishing area is 10 nm long because of the desire to provide spatially more 
accurate predictions for policy decision-making. Since in this fishery an average length of a tow is 6.40 
nm (or 11.86 km) and most tows are made along the north-south route (Bellman 2004), it seems 
plausible that if the fisherman stayed in the same area for two consecutive tows he would have traveled 
on average five nm from the end of one tow to the beginning of the next. 
13 For example, from 1998-2003 in the study area, 79.65% of all fishing days included more than one 
tow per day.  
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Finally, to an extent the expected revenue reflects fishermen’s previous 

experience on the fishing grounds, it is appropriate to use an additional variable to 

capture fishermen’s experience or habits on the fishing grounds. This has become 

more or less a standard since Bockstael and Opaluch (1983) included in their discrete 

choice model of participation choice a dummy variable that equaled zero if a 

fisherman previously participated in the fishery and zero otherwise. Instead of using a 

dummy variable, I used the absolute frequency of fishing per fisherman and area prior 

to the current choice occasion to capture some of the fishermen’s habits on the fishing 

grounds.14 

Modeling fishing location decisions becomes more complicated as the fishery 

becomes more complex. Models of fishing location decisions in multispecies fisheries 

represent, at the most, two species fisheries. Holland and Sutinen (2000) were the only 

authors to model spatial behavior of a multispecies fishery as complex as the one 

modeled in this dissertation. A lack of detailed data limited the detail in their model to 

a trip location decision. In contrast, the level of detail in my data set allowed me to 

model a per-tow, rather than a per-trip, fishing location decision. Additionally, I was 

able to form smaller areas and thus provide more precise information on the spatial 

behavior of fishermen as well as on the displacement impacts of a spatial management 

measure.  

                                                 
14 Using the dummy variable made the model unstable. 
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IV.  Modeling  

Random Utility Model 

A discrete choice model based on the utility-maximization assumption with 

imperfect knowledge about a decision-maker’s utility is called a random utility model 

(RUM). Under RUM, it is assumed that the decision maker n has rational preferences 

defined over mutually exclusive discrete alternatives nti C C∈ ⊆ , 1, ,i I= … , where 

ntC  is the nth individual’s choice set at choice occasion t and C is a universal set of 

alternatives.15 

Let the utility decision-maker n obtains from choosing the alternative nti C∈  

be equal to nit nit nitU V ε= + , where nitV  is a part of nitU  that is observable by the 

researcher, while nitε  captures factors of nitU  unobserved by the researcher. Then the 

decision maker n chooses the alternative nti C∈  if and only if  nit njt ntU U j i C≥ ∀ ≠ ∈ . 

The probability that the decision-maker will choose this alternative can then be written 

as the probability that each random term njt nitε ε−  is below the observed quantity 

nit njtV V−  or ( ) (  )  nt nit njt nt nit njt njt nit ntP i P U U j i C P V V j i Cε ε = ≥ ∀ ≠ ∈ = − ≥ − ∀ ≠ ∈  . 

 

                                                 
15 Preferences are rational if for all alternatives , nti j C∈  either i is strictly or equally preferred to j or if 

j is strictly or equally preferred to i (completeness property), and if for all , , nti j k C∈  if i is strictly or 
equally preferred to j and j is strictly or equally preferred to k, then i is strictly or equally preferred to k 
(transitivity property) (Mas-Colell, Whinston, and Green 1995). 
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Econometric Modeling 

The probability that decision-maker n will choose alternative nti C∈ , denoted 

by ( )ntP i , is estimated based on the assumptions made about the density of the 

unobserved component of the utility nitε , with different assumptions yielding different 

econometric discrete choice models. The most widely used, owing mostly to its 

simplicity and convenience, is a multinomial logit model. Multinomial logit assumes 

nitε  to be independently and identically distributed (iid) Type I extreme value. The iid 

assumption means that the unobserved factors are uncorrelated over alternatives and 

have the same variance for all alternatives. This assumption is also another way of 

stating the Independence from Irrelevant Alternatives (IIA) assumption upon which 

the logit model was derived (McFadden 1974). The IIA assumption suggests that the 

ratio of logit probabilities does not depend on any other alternative other than the two 

in the ratio. McFadden (1974) proved that under the IIA assumption, there will be a 

consistent estimator of the logit model.16 

For a panel data set, i.e. a data set containing information on multiple decision-

makers and with multiple observations over time for each decision-maker, the iid 

assumption also implies that the unobserved factors of the utility are uncorrelated 

across time and have the same variance across individuals. 

                                                 
16 A consistent estimator ˆ

lβ  of the true model’s parameter β , where l is the number of observations, is 
consistent if and only if it converges in probability to the true parameter β , which means that as l 

grows the values that ˆ
lβ  may take that are different from β  are increasingly unlikely (Greene 2003). 

McFadden’s proof also relies on a number of other technical assumptions, which are beyond the scope 
of this dissertation. An interested reader will find these assumptions in McFadden (1974) 
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Clearly, the iid assumption may not be appropriate for many real world 

situations.17 If, for example, a fisherman dislikes going to several areas to fish because 

of the same unobserved factor, nitε  affecting his/her choices of these fishing areas will 

be correlated, and the logit assumption of independence will not be satisfied. 

Furthermore, the independence assumption implies that each choice is independent of 

all others. If choices are made in a sequence the unobserved factors that affect the 

choice in one period would persist into the next period; again violating the 

assumption. 

The second part of the iid assumption, which assumes that all nitε  come from 

the same distribution with equal variances can be violated, for example, if there is an 

underlying unobserved factor (for example, an individual attribute that leads to being 

skillful) that characterizes all fishermen but has larger values for some fishermen than 

for the others. 

If the iid assumption does not hold the model’s estimator will not be 

consistent, which seriously diminishes the usefulness of the model’s results and 

predictions. An alternative way to think about this outcome is through the IIA 

assumption. If the IIA assumption does not hold, the multinomial logit will 

overestimate probabilities of some alternatives and underestimate those of others. To 

see this, consider the well-known red-bus-blue-bus problem, rewritten here from Train 

(2003). An individual has a choice of going to work by car or by a blue bus. For 

                                                 
17 It is indeed violated for the fishing location decisions made within the Oregon bottom trawl 
groundfish fishery. See Table A2 of Appendix VIII for the test. The test used was proposed by 
Hausman and McFadden (1984). 
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simplicity, assume that the probability of taking the car cP  is equal to the probability 

of taking the blue bus bbP , so that 1/ 2c bbP P= =  and 1c

bb

P
P = . Now, suppose that a red 

bus is introduced into the public transit system and that, apart from color, it is exactly 

the same as the blue bus so that the probability of taking the red bus rbP  has to equal 

the probability of taking the blue bus so that their ratio equals one. In the proportional 

substitution pattern that characterizes the logit model, the ratio of the probability of 

taking the car and taking the blue bus has to remain the same regardless of the 

introduction of the red bus alternative, we have 1c

bb

P
P =  and 1rb

bb

P
P = . It follows that 

1/ 3c bb rbP P P= = = . 

The model predicts that the probability of taking the car will decrease from 1/2 

to 1/3 with the introduction of the red bus alternative. In reality, however, it is likely 

that the probability of taking the car would not change with an introduction of an 

alternative that is the same in all features but color. One would expect that cP  remains 

1/2, and that the original probability of taking the blue bus is split equally between bbP  

and rbP , so that they each equal 1/4. The multinomial logit model in this case 

underestimates the probability of taking the car and overestimates both the probability 

of taking the red bus and the probability of taking the blue bus (Train 2003). 
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Relaxing the IID Assumption 

If there exists a doubt that one or both parts of the iid assumption may be 

violated, there are other models that can be selected. These models include nested 

logit, heteroscedastic extreme value logit (HEV), mixed or random parameters logit 

(RPL), and multinomial probit. Nested logit has arisen largely to try and avoid the 

independence of the unobserved factors of the utility assumption. To specify a nested 

logit, one defines nests containing choices for which the unobserved factors have the 

same correlation and have no correlation with unobserved factors of alternatives in 

other nests (which means that nonzero covariance is allowed within a nest). The 

variance is allowed to differ across nests, but not within a nest. In other words, the IIA 

assumption must hold within a nest but not across nests.  

Instead of capturing correlations among alternatives and in this way partially 

relaxing both the iid and IIA assumptions, an HEV model has been developed to allow 

for heteroscedasticity of the unobserved factors of utility. The HEV model assumes 

that the variances of the unobserved factors of utility are not equal across the 

alternatives. In other words, HEV allows the unobserved factors to come from an 

extreme value distribution with different variances, avoiding entirely the requirement 

of the IIA assumption (Bhat 1995). This does not solve the problem of 

heteroscedasticity across individuals who choose the same alternative or the problem 

of correlation of unobserved factors of utility across time in panel data sets.  
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Both mixed logit and multinomial probit allow any correlation pattern and 

heteroscedasticity of the unobserved factors of the utility to be accommodated. 

Multinomial probit restricts the unobserved factors to come from a normal 

distribution, while mixed logit allows the unobserved factors to follow any 

distribution. The downside to these models is that, due to their complexity, they can be 

extremely difficult to estimate. 

For probit this can become the case if there are more than 4 alternatives 

(Greene 2002). Most software packages will not accept a model with more than 20 

alternatives for estimation via probit; and having 20 alternatives in a probit model is 

really possible in principle only (Greene 2002). This is due to the probability of 

choosing a particular alternative being an M-fold integral, where M is the number of 

alternatives in the model. As M grows it becomes prohibitive to estimate the model.  

A mixed logit model is not as perturbed by the larger number of alternatives, 

yet it can become computationally prohibitive in a panel data set where too many 

choice occasions per individual are coupled with a relatively large number of 

alternatives. In the case of a panel data set the logit formula is calculated not just once 

for each decision-maker but for every choice occasion faced by each decision-maker 

(this is repeated for many draws from the parameters’ assumed distributions and the 

results are averaged for each parameter). This process becomes overly cumbersome if 

the formula needs to be calculated too many times. Additionally, even if there is a 

relatively small number of alternatives and/or a relatively small number of choice 

occasions per individual, but the data set exhibits some irregularities (for example, a 
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large number of zeros for some variable(s)), it is highly likely neither probit nor mixed 

logit will converge. The failure to converge occurs when it is impossible to find the 

optimum of the maximum likelihood function either because the function is too flat or 

otherwise irregular. This is solely a problem of difficult data and does not indicate a 

problem with the model itself.  

In the past, studies modeling the fishing location decision have typically used 

nested logit (Eales and Wilen 1986; Holland and Sutinen 2000; Smith and Wilen 

2003; Curtis and McConnell 2004) or multinomial logit (Dupont 1993; Hicks, 

Kirkley, and Strand Jr. 2004; Strand Jr. 2004). This was done regardless of the fact 

that multinomial logit does not address heteroscedasticity or autocorrelation and that 

nested logit has only a limited ability to address these problems (especially for panel 

data sets, which are typically used). This testifies to the difficulties of using 

approaches that fully relax the iid assumption (i.e. mixed logit or multinomial probit) 

in estimating discrete choice models of fishing location. Mistiaen and Strand (2000) 

are the only authors who successfully used mixed logit, but their focus was on 

capturing the heterogeneity across vessels and autocorrelation was not discussed. 

Nested logit is generally applied when there is a clear distinction of locations 

such as in the case of Curtis and McConnell (2004), who model fishing location 

decisions in the Hawaii swordfish and tuna fishery. In this fishery, there is a very 

distinct area in which only tuna is caught and an area in which only swordfish is 

caught. A third large area is where both species can be caught. The three large areas 

are further divided into a number of smaller areas, and given a status of a nest.  
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In the case of the fishing location choice off the Oregon coast, fishing areas do 

not form geographically distinct clusters. This makes it impossible to define 

meaningful nest structures and subsets of alternatives.18 For this reason, nested logit is 

not a satisfactory model for this study. Furthermore, due to the nature of my data set, I 

was not in the position to use either multinomial probit or mixed logit. While the latter 

failed to converge, the use of the former was prohibited due to a relatively large 

number of alternatives (i.e. fishing areas (15)) in this study. 

I, therefore, used the HEV model, which allows for heterogeneity across 

alternatives. While this implicitly allows for the heterogeneity of vessels that choose 

different alternatives, it does not allow for the heterogeneity across vessels that choose 

the same alternative. Fortunately, the unobserved variation does not pose much of a 

problem, since the logit model (and its variant corrected for heteroscedasticity across 

choices) seems to be fairly robust to this type of misspecification (Train 2003). 

Of more importance is the fact that the HEV model assumes independence of 

the unobservable components of utility across time. This implies assuming that a 

fishing location choice made for one tow is independent of the fishing location choice 

made for the previous tow and is not a very likely assumption. Unless the observed 

factors of utility capture all of the correlation between unobserved components of the 

utility across tows, the independence assumption will not be met in this case and the 

HEV estimator will be inconsistent. 

                                                 
18 See Tables A3 through A5 of Appendix VIII for nested logit models run as part of this dissertation 
research. What appeared to be meaningful nested structures, yielded models not entirely consistent with 
utility maximization. 
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To test I apply a bootstrapping technique (see Efron 1979; Efron and 

Tibshirani 1993). This involves developing a sampling routine which produces R 

random samples of only one tow for each individual/trip combination, and estimating 

the HEV model on each of the R samples.19 I then average the coefficient estimates 

across samples and compare each average coefficient estimate with its corresponding 

95% confidence interval around the full model’s parameters. If each average 

parameter estimate falls within its corresponding 95% confidence interval, this 

indicates that it is safe to use the HEV model on the full data set.  

It must be noted that this procedure assumes independence of unobserved 

components of the utility across trips. Sampling further to include only one 

observation per vessel and thus be able to test whether this assumption is true by 

comparing the results from the samples’ estimation to the results from the full data set 

estimation is unrealistic. This is because the data set would be reduced to 25 

observations, which is clearly too little to produce meaningful results. 

Assuming that the unobserved components of the utility are independent across 

trips but dealing with the autocorrelation of the unobserved components of the utility 

within trips is a middle path in the estimation of a model that may potentially suffer 

from both heteroscedasticity and autocorrelation in multiple dimensions (fishing areas, 

vessels, and time). Taking a middle path is the predicament of almost any model that 

is too complicated for the currently available methodologies. 

                                                 
19 I estimated R=50 samples because research has found that 50 samples is likely to be sufficient when 
estimating a broader characteristic such as the asymptotic variance, or in this case the mean (Greene 
2002a). 
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To estimate the HEV ( )ntP i  using the maximum likelihood estimation, let nitε  

be independently and not identically distributed (INID) type I extreme value, with 

mean 0 and variance 2 2/(6 )iπ θ , so that ( ) i nit
i nit e

nitf e e
θ εθ εε

−− −=  and ( ) i nite
nitF e

θ ε

ε
−−= . In 

other words, assume that the unobserved factors of the utility are independent across 

choices for each fisherman and that they come from a differently dispersed extreme 

value distribution centered on zero, with the distribution’s precision parameter iθ  

differing for each alternative. Then the probability that the decision maker n chooses 

the alternative ni C∈  can be written as20 

( ) ( )i i( )   n j ni nj ni ni ni
j i

P i F V V f d
ε

θ ε θ θ ε ε
≠

 
 = − +  

 
∏∫     (1) 

The probability of person n choosing the alternative that he was actually 

observed to choose can be written as [ ]( ) niy
n

i

P i∏ , where 

1 if individual  chooses alternative 
 

0 otherwiseni

n i
y


= 


. 

In the sample size N, the probability of each person in the sample choosing the 

alternative that he was actually observed to choose is the likelihood function 

1

( ) ( ( )) ni

N
y

n
n i

L P iβ
=

=∏∏ . Further assuming that utility is linear in parameters21 and 

additively separable, it follows that '
ni niV X β= , where X  is a matrix of variables 

                                                 
20 Note that in what follows subscript t is omitted for the reader’s ease. 
21 Note that the linear-in-parameters utility assumption can be justified by saying that under fairly 
general conditions, any function can be approximated arbitrarily closely by one that is linear in 
parameters (Taylor’s Theorem). 
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explaining the utility and β  is a vector containing the model’s parameters. The log-

likelihood function to be maximized can then be written as  

( ) ( )

1

' '
i i

1

( ,  ) ln ( )

               ln   

N

ni n
n i

N

ni j ni nj ni ni ni
n i j i

LL y P i

y F X X f d
ε

β θ

θ β β ε θ θ ε ε

=

= ≠

=

    = − +      

∑∑

∑∑ ∏∫
 (2) 

Using the maximum likelihood estimation technique, parameter estimates of 

β  and θ  are estimated at the function’s maximum. However, since the integral in 

braces does not have a closed form, it has to be evaluated numerically (Bhat 1995). To 

do so, let i ni
iu e θ ε−= . Then ln( ) /ni i iuε θ= −  and ( )i i

iu
ni ni if d e duθ θ ε ε −= . Also, define 

function ( )ni iG u  as ( )' '( ) ln( ) /ni i j ni nj i i
j i

G u F X X uθ β β θ
≠

 = − − ∏ . Then the log-

likelihood function can be written as { }
1

( ,  ) ln  ( ) i

N
u

ni ni i iu
n i

LL y G u e duβ θ −

=

= ∑∑ ∫ . The 

integral within braces can be estimated using the Laguerre-Gauss quadrature (Bhat 

1995), by which ( )' '

1

 ( ) ln( ) /i

L
u

ni i i l j ni nj l lu
l

G u e du w F X X hθ β β θ−

=

 ≈ − − ∑∫ , where lw  

is the weight and lh  is the abscissa of the Laguerre Gaussian Polynomial of order L 

(Greene 2002). In other words, the integral is replaced by a summation of terms over L 

support points on the x-axis (which are actually the roots of the Laguerre Gaussian 

Polynomial), each term being the evaluation of the function ( )ni iG u  at the support 

point lh  multiplied by a weight lw  associated with that support point. The weights 

and abscissas can be found in Abramovitz and Stegun (1972). 
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V. Data 

Logbooks 

Licensed Oregon commercial groundfish trawlers are mandated by the State of 

Oregon to maintain a logbook for each fishing trip and complete it according to the 

instructions contained in the logbook within one week of landing (OAR 635-004-

0050) (a nearshore logbook sample and instructions are contained in Appendix IV).22 

Logbooks are collected by port biologists or mailed to the Oregon Department of Fish 

and Wildlife (ODFW). The information contained in the logbook is considered 

confidential (OAR 635-004-0050). Local port biologists examine every logbook for 

completeness and consistency (Sampson and Crone 1997). Oregon logbooks that pass 

the completeness and consistency examination are entered into a computer database at 

the ODFW Marine Region, which provides data with scrambled vessel ID numbers (to 

prevent any identification of vessels) to qualified researchers after a confidentiality 

agreement is signed. 

An electronic logbook database usually contains geographical references to the 

beginning of each tow, time when the tow started and when it ended, as well as hailed 

pounds (the captain’s estimated weight of the retained catch) and adjusted pounds (the 

hailed catch adjusted to match the catch recorded on the fish ticket) of each species 

caught during each tow (for a full list of variables contained in the logbook database, 

see Appendix V).  

                                                 
22 Even though most logbooks filled out in this fishery would not be nearshore, the nearshore logbook 
sample provides an idea of what an actual logbook looks like. The logbook sample was obtained on-line 
from ODFW (ODFW 2005). 
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An electronic logbook data set for groundfish bottom trawl vessels that landed 

their catch in Oregon ports between 1998 - 2003 was requested from the ODFW 

Marine Region.23 Although trawl logbooks have existed since the 1970s, 1998 was 

chosen as the starting year because data records since that date include more accurate 

start and end locations of a trawl tow due to a more widespread use of the global 

positioning system (GPS) (Bellman 2004). 

In the 1970s, reporting of the start and end trawl locations was generally 

limited to 10 x 10 nautical mile (nm) blocks and the use of a Loran system, more 

specifically Loran A.24 In the 1980s and early 1990s, the start and end trawl locations 

were usually reported using Loran C coordinates, which ODFW translated into the 

longitude and latitude of starting and ending tow location.25 Since 1997, the longitude 

and latitude of starting and ending tow locations are recorded in the logbook mostly 

with the help of a GPS unit. This has increased the spatial accuracy of the data. 

Only the tow start location, however, is transcribed into the electronic 

database, which means that modeling of fishermen location choices is limited to tows’ 

starting points, which then implies that the accuracy of some of the model’s variables 

may be somewhat diminished. 

                                                 
23 At the time of my request, observations after 2003 have not yet been processed. 
24 Loran stands for LOng RAnge Navigation and is a method of using land-based radio transmitters 
operated in the U.S. by the U.S. Coast Guard (USCG) to determine one’s geographical position. Loran 
A is the original loran system, which was later replaced by a more accurate and longer range system 
called Loran C that is still in use today (USCG 2006).  
25 Sampson, David. Professor, Oregon State University. Email to author. August 14, 2006. 
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When received, the logbook data file consisted of 139 variables, including a 

scrambled vessel identification number and a scrambled fish ticket identification 

number, trip-specific information (such as gear used, the number of crew members, 

the departure and return port and time), and tow-specific information (such as the time 

when the tow started, its duration, the time when the tow ended, its starting longitude, 

latitude, and bottom depth, and adjusted and hailed catch per species). A number of 

variables, including the amount of fuel used during the trip and the net depth showed 

all zero records. 

Between 1998 and 2003 one hundred and twenty four vessels bottom trawling 

for groundfish and landing their catch in Oregon ports made a total of 63,320 tows. 

More than 99% of these tows (62,773) were made by vessels that also departed from 

Oregon ports. Out of these 62,773 tows, 27,975 tows or 44.57% were made from or 

returned to North Oregon ports, 15,765 tows or 25.11% were made from or returned to 

Central Oregon ports, and 19,033 tows or 30.32% were made from or returned to 

South Oregon ports (Figure 2).26 Some of these observations, more particularly 189 

observations or 0.3%, reported fishing locations on land, and were omitted from 

further analysis.  

                                                 
26 North Oregon ports can include Astoria and Garibaldi, Central Oregon ports can include Depoe Bay, 
Newport, and Florence, and South Oregon ports can include Winchester Bay, Charleston, Bandon, Port 
Oford, Gold Beach, and Brookings. 
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Figure 2. Bottom Trawl Locations per Port of Departure 1998 - 2003 

To be able to focus on the most homogeneous group of vessels in terms of port 

of departure and port of landing I use fishing location decisions made by vessels 

departing from and returning to Central Oregon ports only. It is important to note that 

even though my logbook data do not reveal which port vessels departed from and 

returned to (to protect the vessels’ privacy), I assume that all vessels bottom trawling 

for groundfish and departing from and landing in Central Oregon ports in fact depart 

from and land their catch in Newport. This can be supported by the ODFW landings 

data, which reveal that in 2001, for example, 99.76% of all bottom trawl landings 
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made at Central Oregon ports were actually made in Newport. The other two ports in 

this area include Florence and Depoe Bay, and while Depoe Bay probably never had a 

landing made by a bottom trawling vessel, it is possible that not more than one bottom 

trawling groundfish vessel occasionally makes a landing in Florence.27 

To be able to compare the spatial distribution of effort in the pre-RCA period 

with that during the first trawl RCA, I focus on the seven months this RCA was in 

place, i.e. on the period between October 1 and April 30 (which I call the winter 

months). Also, to let enough time pass for all of the fishing areas to reflect a more 

accurate picture of the fishing effort distribution, I model the fishing location choices 

beginning in January 1999.  

Finally, to have enough observations and thus enough variability per fishing 

area to estimate the model, I focus on a region containing 15 fishing areas with more 

than 25 tows made during the winter months in the pre-RCA period captured by the 

data. I call this region study area. 

Data set for the model estimation thus contains 2,231 tows made within the 

study area by the total of twenty five vessels departing from and returning to Newport 

during the winter months of 1999 through the end of April 2002 (Figure 3). Location 

choices made for these tows form the observational basis for estimating the 

probabilities of fishing in the study area in the pre-RCA period. To capture the effects 

of other vessels in this region when computing the expected revenues and the variance 

                                                 
27 Seabourne, John. ODFW Fisheries Information Systems Program Leader. Email to author. September 
21, 2006. 
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of revenues, I use information from all bottom trawling tows from the study area to 

construct these variables. This includes information from the thirty tows made by 

vessels that departed from South Oregon ports during the relevant periods (Figure 4). 

No tows by bottom trawling vessels departing from North Oregon, Washington, or 

California ports were made in the study area during this period. 

Figure 3. Bottom Trawl Locations Departing and Returning from Newport within the 
Study Area During Winter Months 1999 - 2002 
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Figure 4. Bottom Trawl Locations per Port within the Study Area During Winter Months 
1999 - 2002 

 
 

Fish Tickets 

Oregon Administrative Rule (OAR 635-006-0210) mandates that any fish 

dealer who purchases groundfish from a commercial fisherman must complete a Fish 

Receiving Ticket at the time of landing. Once received, fish tickets are entered onto 

the mainframe computer from ODFW offices in both Newport and Salem (formerly 

located in Portland) so that the data are immediately checked against each other to 

catch any data entry errors, and port biologists examine summary data information for 

inconsistencies (Sampson and Crone 1997).  
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Fish ticket data were obtained from the ODFW Marine Region office. The fish 

ticket database included, among other information, the scrambled vessel and fish ticket 

identification numbers, gear, the port of landing, the landing date, the species code, the 

number of pounds sold on that ticket, and the price per pound (in $) received (for a full 

list of variables contained in the fish ticket database, see Appendix VI). 

The same scrambled vessel and fish ticket identification numbers are generated 

for both logbook and fish ticket databases, so that it is possible to relate the databases 

and obtain, for example, the ex-vessel fish price for the fish caught at each tow by 

each vessel. If one also requests a vessel-characteristics database, the same scrambled 

vessel identification number is generated for that database, and it is, thus, possible to 

obtain information about vessel length, horsepower, and net tonnage. 
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VI. Methods 

Model Variables 

In order to run a discrete choice model of fishing location choice in the 

Newport groundfish bottom trawl fishery, variables for the model need to be 

constructed using the logbook and fish ticket data. The model variables include:28 

1. Choice ( nitY ): 
1 if for tow  fisherman  chooses to fish in area 

 
0 otherwisenit

t n i
Y


= 


 

2. Distance ( 1nitX ): Approximates expected travel costs using the distance (in 

kilometers (km)) from port to the center of each area for the first tow of any 

particular trip (this is the same for all vessels at the beginning of each new trip), 

and the distance from the center of the tow (t-1) area to the center of the tow t area 

for all other tows during that trip (these differ from vessel to vessel and from tow 

to tow). If no information is available on tow (t-1), the distance for tow t is 

approximated using the average vessel tow-to-tow distance (excluding the first 

tow).29 If the fisherman decides to stay in the same area for two or more 

consecutive tows, I assume that the distance traveled is five nautical miles (nm).30 

                                                 
28 I have constructed a number of additional variables (Appendix VII Code 3). Some of the additionally 
constructed variables were discarded upon construction as they lacked variability or were determined to 
be inappropriate. Other additional variables were initially included into the model and were discarded 
after the estimation either because they complicated the model without providing a much better fit (in 
terms of the log-likelihood ratio) (see Tables A6 through A9 of Appendix VIII), or because they were 
too closely tied with the expected revenue and were thus deemed to be redundant (see Tables A10 and 
A11 of Appendix VIII). 
29 Sometimes, tows occur in areas outside the study area and sometimes they are reported to have 
occurred on land (and are thus discarded). 
30 See footnote 11, p. 29. 
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I expect the sign on the estimated coefficient of this variable to be negative, 

which means that, on any choice occasion, the larger the distance that fisherman n 

has to travel to reach area i, the smaller the probability of fisherman n fishing in 

area i. 

3. Expected Revenue31 ( 2nitX ):  

30
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where td  stands for the day when tow t was made, dw  is the daily weight, idR  is 

the average daily fleet revenue in fishing area i, nr  stands for any trip made by 

fisherman n, nTR  is the total number of trips made by fisherman n, N is the total 

number of fisherman, nitR  is the revenue obtained by fisherman n in area i from 

tow t, and 
nr

T  is the total number of tows made by fisherman n during trip nr . 

This implies that for the first tow of any trip, the expected revenue equals 

the average fleet-based revenue per fishing area for the past 30 days from the trip 

starting day. For all other tows of the trip, the expected revenue changes on an 
                                                 
31 Note that this is not expected revenue in a true theoretical sense and should not be viewed as such. A 
more appropriate term would be lagged weighted average revenue with information updating. However, 
since this variable may be thought of as an approximation of the true expected revenue, I chose to call it 
“expected revenue”. 
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individual basis to update the expected revenue of the areas fisherman n visited 

during that trip up to tow t. The updating occurs after the fisherman has visited an 

area, so that he makes a choice for tow t based on the updated information from 

tow (t-1). The expected revenue per area for tow t is updated by the amount of 

catch hailed from tow (t-1) and multiplied by the monthly price per species. I 

assume a fisherman does not update information on areas not yet visited on this 

trip; rather he/she has the same information on these areas as he/she had when 

leaving port. If no actual revenue has been recorded over a 30 day period prior to 

the day of departure, I use a mean value of the expected revenue per individual and 

fishing area to substitute for the missing values. 

I also assume that each fisherman weighs more recent information more 

heavily than information further in the past. Weights ( dw ) are set equal for all 

fishermen and are calculated to be inversely proportional to the number of days 

that have passed between the daily fleet revenue taken into account and the day of 

the choice occasion t. For example, if daily fleet revenue information taken into 

account for expected revenue has occurred 5 days before the day of the choice 

occasion t, the weight placed on that daily fleet revenue will be 1/5, while if the 

daily revenue has occurred 25 days in the past, its weight will be 1/25. In this way, 

I assume that the value of information to a fisherman decreases on a daily basis. 

Regardless, which weighting scheme is implemented should not have any major 

impacts on the model’s results. 
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I expect the sign on the estimated coefficient for this variable to be 

positive, meaning that, on any choice occasion, the larger the revenue fisherman n 

expects to obtain from fishing in area i (based on the short-term information), the 

larger is the probability of him choosing to go to that area to fish. 

4. No Expected Revenue Dummy ( 3itX ): 

3

1 if  expected revenue in area  in period 
 

0 otherwise
t

it

i d l
X

∃ −
= 


 

where td  stands for the day when tow t is made and l stands for the number of 

days in the lag (i.e. 30). 

I expect the sign on the estimated coefficient for this variable to be 

negative, which means that if there is no information on the revenue in an area in 

the 30 days prior to the day of the choice occasion t, fishermen will be less likely 

to visit that area.  

5. Variance (Standard Deviation) of Revenues ( 4nitX ): This variable is created 

through the following formula used by Smith (2000):  

( )2

1
3

( )

1

l

t

T

id nit
t

nit
l

R E R
X

T
=

−
=

−

∑
  

where 
tidR  is the daily fleet revenue per area (as an approximation of the daily 

individual revenue per area that does not exist since individual vessels do not fish 

on each day of the year) and ( )nitE R  is what I assume to be its expected value, i.e. 
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the individual expected revenue as defined in (3). lT  stands for the number of tows 

made by fisherman n in the 30 days from the trip starting day. Note that if there are 

more than one tow made by fisherman n within a single day, the same 
tidR  is used 

twice in the summation. To bring the range of the variance closer to the range of 

other variables in the model, a standard deviation is calculated. 

As discussed earlier, I have no prior expectations on the sign of the 

estimated coefficient on this variable. A negative sign indicates risk aversion, i.e. 

that riskier areas will have lower probability of fishing, while a positive sign 

indicates risk seeking behavior, giving riskier areas higher probability of fishing. If 

by a certain degree of confidence I can conclude that the true parameter on the 

variance of revenues is not significantly different from zero, this would indicate a 

risk neutral behavior with regard to location decisions.  

6. Previous Experience ( 5nitX ): Previous experience is captured by the frequency of 

fishing in area i until tow t made by fisherman n. 

I expect the coefficient estimate on this variables to have a positive sign, 

meaning that the more frequently area i has been visited in the past, the larger will 

be the probability of fisherman n choosing to fish in that area on choice occasion t. 
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Model Variables Construction 

The logbook and fish ticket data were imported into a database and modified.32 

The modified logbook data were transformed into a GIS shapefile in ArcCatalog, 

projected using the Project Tool from the ArcGIS Data Management Toolbox into the 

Universal Transverse Mercator (UTM) Zone 10 projection, with World Geodetic 

System (WGS) 1984 datum, and imported into ArcMap.33 

The UTM projection divides the globe into 60 zones each spanning 6º of 

longitude and having its own central meridian, which minimizes the distortion of all 

geographic features in that region (ESRI® ArcGIS 9.0 Desktop Help 2004). A datum 

is needed to provide a frame of reference for measuring the surface of the Earth by 

defining the origin and orientation of longitude and latitude lines. The Federal 

Geodetic Control Subcommittee recommends that all maps produced for North 

America of a certain scale or smaller be based either on the WGS 1984 datum or the 

North American Datum (NAD) 1983 (the two are almost identical) (60 FR 42146, 

August 15, 1995). 

                                                 
32 Data came in .csv and .dbf formats and each file contained one year of data. Some manipulations 
included using the tow date variable to create four variables: day, month, year, and the continuous date 
of the tow; recoding text port codes into numbers; and changing a sign of longitude from positive to 
negative to enable mapping. Continuous date is the number of continuous days counted since January 1, 
1900 (Microsoft ® Office Help 2003). For all data manipulations I used Microsoft® Office Access 
Professional 2003. 
33 All GIS-related operations were performed in ESRI® ArcGISTM 9.0 with an ArcInfo license type. 
Particularly, I used the ArcCatalog and ArcMap modules of the program. 
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In ArcMap, the logbook shapefile shows each tow as a single point on the map 

(cf. Figure 2, p. 45) and also has an associated attribute table. The attribute table is a 

spreadsheet containing the logbook data, so that if one clicks on a tow point on the 

map, all the information associated with that tow is pulled out from the spreadsheet 

and shown on the computer screen.  

The logbook shapefile was intersected with the fishing areas shapefile using 

the Intersect Tool from the ArcGIS Analysis Toolbox.34 The intersection of the two 

shapefiles resulted in a shapefile containing only those tow points that occurred in the 

study area and the associated spreadsheet contained both the logbook and the fishing 

areas information for those tows. Most importantly, each tow was now associated with 

a particular fishing area it occurred in, setting the stage for the construction of per-

fishing-area variables. 

In order to construct a number of per-fishing-area variables, the intersection 

shapefile was imported into a database and queried for an average fleet-based daily 

catch per fishing area and species and an average vessel-based daily catch per fishing 

area and species.35 The catch queries, together with the average fleet-based and vessel-

based monthly fish price per species queries, were used to create total fleet-based and 

vessel-based daily revenues per fishing area.36 These revenues were then used to 

                                                 
34 Next section explains how the fishing areas GIS shapefile was created. 
35 These queries were obtained using a summary query. 
36 The simple queries were performed on the fish ticket data. And the variables were created by writing 
and running a computer code (see Appendix VII Code1). In this dissertation, all programming was 
performed in Matlab® 7.0, The Language of Technical Computing. For all six Matlab codes used in 
this dissertation see Appendix VII. For an electronic copy of a code, please contact the author at 
branka.valcic@uaf.edu. 
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create the expected revenues variable.37 Another query of the intersection file, which 

included the vessel identification number, year, month, day, continuous date, tow 

number, and fishing area identification number, was used to create choice and 

previous experience variables.38 

To construct the distance variable the following files were used: (a) a vector of 

distances from Newport to the center of each fishing area; (b) a matrix of distances 

between centers of all fishing areas; and (c) a matrix containing fishing area numbers 

and their associated identification numbers from ArcGIS to provide for linking of the 

distance files.39 

The distances from Newport to the center of each area and from the center of 

area i to the center of all areas j were obtained from ArcGIS using the Point Distance 

Tool from the Analysis Toolbox. Prior to this, the centers of all areas were created 

using the Feature to Point Tool from the Data Management Toolbox. To obtain a 

shapefile containing the geographic location of Newport, a shapefile of Oregon cities 

was edited in ArcMap to include Newport only.40 

                                                 
37 See Appendix VII Code 3. 
38 See p. 50 and 54 for description of these variables. See Appendix VII Code 2 for how they were 
created. 
39 These files were obtained through manipulations in both ArcGIS and Access. In Access simple and 
crosstabulation queries were used. The queries were then used in Code 3 (see Appendix VII). 
40 The shapefile of Oregon cities was downloaded from the Oregon Geospatial Enterprise Office’s 
(GEO) website featuring Oregon Geospatial Data Clearinghouse (GEO 2006). 
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Defining and Constructing Fishing Areas 

In order to be able to investigate the effects of a Rockfish Conservation Area 

(RCA) on the spatial distribution of the bottom trawl groundfish fleet and because 

fishing practices of the fleet are known to be depth-oriented, I defined fishing areas in 

a way that their vertical boundaries follow certain depth contours. Fortunately, depth 

contours off the Oregon coast conform to the coastline reasonably well, forming at 

times almost straight lines and allowing a good approximation of the depth-based 

fishing areas.  

Depth contours for this dissertation were chosen to correspond to the first and 

the longest RCA established and for whose analysis I have logbook and fish ticket 

data. This particular RCA closure went in effect on October 1, 2002 and lasted until 

April 31, 2003, closing the area off the West Coast between 100 and 250 fathoms (fm) 

to all bottom trawl groundfish fishing (shown on Figure 5 as two dashed lines). The 

width of the fishing areas was determined based on the width between the shoreline 

and 100 fm (shallow), 100 and 250 fm (medium), and 250 and more fathoms (deep). 

The seaward boundary of the deepest areas was created to include all but a few tows 

that were reported relatively far away from the farthest tow still belonging to a cluster 

of tows made in the deep waters. The detrimental effect of constructing huge areas to 

include these few observations would outweigh the gain, especially because some of 

the reported geographic locations cannot be trusted.  
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Figure 5. Fishing Areas with RCA Boundaries41 

 

 

                                                 
41 The shapefile of the coastline was downloaded from the U.S. Census Bureau website for Maps and 
Cartographic Resources (USCB 2005), while the relief background was downloaded from the USGS 
Coastal and Marine Geology InfoBank (USGS 2006). 
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A preliminary analysis of logbook depth data showed poor agreement between 

depth recorded by fishermen at their tow locations, especially for depths greater than 

200 m (111 fm), and the depth of those same tow locations on digitized bathymetric 

charts (Sampson 2004). I, therefore, used an alternative depth data set to create the 

fishing areas. This dataset is a GIS depth dataset of 10-meter bathymetry contour 

polygons, put together by Terralogic GIS, Inc. in cooperation with the OSU Seafloor 

Lab, NMFS and the Pacific States Marine Fisheries Commission (PSMFC). The 

spatial statistics method “kriging” was used to interpolate depth across the study area 

from these GIS polygons. Desired estimated depth contours were then formed from 

the kriged data. The areas were edited so that the contours would fit the RCA 

boundaries.42 

In order for the fishing areas to not be too small to show any variability or too 

big to be policy relevant, I chose the length of fishing areas to be 10 nautical miles.43 

To form the horizontal boundaries of the fishing areas, I overlaid a 10 x 10 minute 

fishing management blocks shapefile44 on top of the depth GIS shapefile created by 

kriging and modified to fit the RCA boundaries, and using the ArcGIS Editing Tools 

cut the depth polygons into five areas in each depth zone creating a total of 15 fishing 

areas. The final result is, thus, a shapefile containing 15 fishing areas that are 10 

                                                 
42 The RCA boundaries are published by NMFS, and can be found in the Code of Federal Regulations 
(50 CFR 660.391 – 660.394). The electronic GIS RCA boundaries were obtained from Merrick Burden, 
NMFS Northwest Regional Office. 
43 See also footnote 11, p. 29. 
44 GIS data layer containing 10 x 10 minute management blocks was developed by Ecotrust based on 
reference points defined by the Pacific Fisheries Information Network (PacFIN) (Ecotrust 2003). The 
layer was obtained from Marlene Bellman (marlene.bellman@noaa.gov). 
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nautical miles (nm) long and wide as their depth zone is (their width changes not only 

from area to area but also within each area to follow the depth contours). I gave each 

area an identification label based on the area’s depth group and north - south 

orientation, starting with Deep NN in the upper left corner and ending with Shallow 

SS in the lower right corner of the Figure (Figure 5).45  

                                                 
45 Note that NN and SS stand for the northernmost and southernmost areas, and that N and S stand for 
areas to the north/south that are in between the northernmost and southernmost areas and the areas 
designated as central (C). 
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VII. Econometric Results 

I ran an HEV model on the full data set as well as on the 50 stratified random 

samples for the winter months prior to the trawl RCA.46 The total number of 

observations in the full data set equals 33,465 (2,231 choice occasions x 15 choices). 

There were a total of 458 trips made during the winter months 1999 – 2002 in the 

study area and the number of observations in each sampled data set equals 6,870 (458 

choice occasions x 15 choices).47 Table 2 shows the means of the coefficient estimates 

across the 50 samples, and the 95% confidence intervals based on the full data set 

estimation. All mean coefficient estimates across the 50 samples fall within the 95% 

confidence intervals estimated based on the full data set. As discussed earlier, this 

means that it is reasonable to apply the HEV model to the full data set. 

Table 2. HEV Results: Samples vs. Full Data Set  

95% Confidence Interval Based on 
the Full Data Set Model Variable 

Mean Coefficient 
Estimate Across 

50 Samples Lower Bound Upper Bound 
LNEREV48 0.072 0.011 0.133 
NEREVDUM -1.023 -1.159 -0.855 
DIST10KM  -0.444 -0.476 -0.414 
EXPFREQ 0.012 0.010 0.013 
LNSTD 0.116 -0.076 0.130 

 

                                                 
46 Econometric analysis was performed in NLOGITTM © 2002 Econometric Software.  
47 See Appendix VII Code 6 for how samples were generated. 
48 Model variables’ estimation acronyms can be found in Table 3. 
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Table 3. Model Variables 

Model Variable Model 
Symbol 

Estimation 
Acronym 

Expected Revenue 
(logarithmic form)49 2ln( )nitX  LNEREV 

No Expected Revenue 
Dummy 3itX  NEREVDUM 

Distance 1nitX  DIST10KM 

Total Individual Previous 
Experience Frequency 5nitX  EXPFREQ 

Variance/Standard Deviation 
(logarithmic form) 4ln( )nitX  LNSTD 

Table 4 shows the HEV model estimation results for the full data set, including 

the coefficient estimates for the standard deviation of each fishing area, and the 

goodness of fit measures. With the exception of the variance of revenue, all 

coefficients are significantly different from zero at least at the 95% confidence level 

and are of the expected sign. In particular, the increase in the expected revenue at an 

area, LNEREV, has a positive effect on the probability of that area being chosen, 

while the lack of information on area revenue over the 30-day period prior to the 

choice occasion, NEREVDUM, has a negative effect on the probability of that area 

being chosen. The increase in the expected distance to be traveled from the beginning 

of one tow to the beginning of the next, DIST10KM, has a negative effect on the 

probability of the area in which the next tow begins to be chosen. Finally, the increase 

in the number of times fisherman visited an area, EXPFREQ, has a positive effect on 

the probability of that area to be chosen.  

                                                 
49 Logarithmic transformation is used to scale the data in order to provide for a smoother estimation. 
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Table 4. HEV Results50 

 Coeff. Est. Std. Err. t-statistic P-value 

Model Variable 

LNEREV 0.072 0.030 2.358 0.018
NEREVDUM -1.007 0.076 -13.271 0.000
DIST10KM  -0.445 0.015 -28.913 0.000
EXPFREQ 0.012 0.001 15.857 0.000
LNSTD 0.027 0.052 0.526 0.599

Standard Deviation of iε : 6i is θ π=  

DeepNNs  1.630 0.082 19.949 0.000
DeepNs  1.523 0.072 21.187 0.000
DeepCs  1.649 0.079 20.985 0.000
DeepSs  1.551 0.067 23.132 0.000
DeepSSs  1.538 0.075 20.428 0.000
MediumNNs  1.299 0.062 20.815 0.000
MediumNs  1.305 0.064 20.541 0.000
MediumCs  1.399 0.066 21.088 0.000
MediumSs  1.238 0.056 22.038 0.000
MediumSSs  1.385 0.056 24.941 0.000
ShallowNNs  1.247 0.066 18.952 0.000
ShallowNs  1.220 0.060 20.216 0.000
ShallowCs  1.090 0.047 23.177 0.000
ShallowSs  1.087 0.053 20.475 0.000
ShallowSSs  Fixed Parameter 

Goodness of Fit 

Number of observations 33,465 (2,231 tows x 15 areas) 

Log likelihood function ( ˆ( )LL β ) -4,903.23 
Restricted log likelihood ( (0)LL ) -6,041.66 
Chi-squared 2,276.87 P-value 0.0000 
Likelihood Ratio Index 
(1- ˆ( )LL β / (0)LL ) 0.1879 

                                                 
50 See Appendix VIII for some alternative considered models. 
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Findings confirm observed results from other studies of fishing location choice 

for different fleets. For example, in the California pink shrimp trawl fishery, Eales and 

Wilen (1986) found that expected catch in an area had a positive effect on the 

probability of that area being chosen; Smith and Wilen (2003) found that the expected 

revenue had the same effect in the California sea urchin fishery; and Holland and 

Sutinen (2000) found the same effect in the New England groundfish trawl fishery. 

Holland and Sutinen (2000) also found a negative effect of the lack of information on 

area revenue over some period prior to the choice occasion, on the probability of that 

area being chosen. 

To my knowledge two other studies of commercial fishing locations used 

distance in lieu of the expected travel costs directly in their estimation, and found this 

factor to have a negative effect on the probability of an area being chosen (Smith and 

Wilen 2003; Eales and Wilen 1986). Various dummy (indicator) variables of per-area 

fishing habits used in Holland and Sutinen (2000) and Curtis and McConnell (2004), 

suggest that an area is more likely to be chosen if there exists a habit of fishing in that 

area. 

The statistically insignificant coefficient on the standard deviation51 of 

revenues indicates that fishermen in the Newport bottom trawl groundfish fishery may 

be risk neutral when considering their location choices. In other words, the fact that 

some areas may offer a chance of ‘hitting a jackpot’ as well as catching no or almost 

no fish at all, while other areas offer steady but mediocre yield, may not play a 

                                                 
51 The coefficient was statistically insignificant even at as little as 50% confidence. 
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significant role in making decisions about fishing locations in this fishery. The sign of 

the estimated coefficient on the standard deviation of revenues is positive, and at 40% 

confidence this would indicate a weak risk seeking behavior. This does not mean, 

however, that fishermen in this fishery are in general risk neutral or risk seeking as 

evidence suggests that fishermen in multi-species fisheries reduce risks in other ways, 

such as by targeting a variety of species (Holland and Sutinen 2000).  

In general, discrete choice studies of the fishing location choice indicate a risk 

averse behavior in choosing fishing locations (e.g. Curtis and Hicks 2000; Mistiaen 

and Strand 2000; Hicks, Kirkley, and Strand Jr. 2004; Strand Jr. 2004). However, it is 

not uncommon for such studies to show evidence of risk neutral or even risk seeking 

behavior. For example, Dupont (1993) found the variance of profit for salmon fishing 

vessels in British Columbia, regardless of the gear type used, to be statistically 

insignificant at the 90% confidence level. She also found the signs of the estimated 

coefficients on the variance of profit for troll and gillnet-troll gear types to be positive. 

The argument behind this result, at least for gillnet-trollers, is found in the fact that by 

being able to use both net and troll equipment they have the flexibility to attain the 

best possible returns on their efforts (Dupont 1993). They, thus, reduce risk through 

the choice of gear, which allows them more freedom in making the location choice 

decision.  

In the case of a multi-species fishery, Holland and Sutinen (2000) found 

evidence of risk seeking behavior in the location choice of New England groundfish 

fishermen. They argued that by having more freedom in making choices that have the 
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potential of higher return by targeting a different species mix and thereby reducing 

risk in this way, these fishermen may be willing to take on some risk when making 

location choices. These results indicate the complexity of modeling choices in the 

multi-species (Holland and Sutinen 2000) and multi-gear (Dupont 1993) fisheries and 

suggest there is much scope for further work in the area.  

Statistically significant standard deviation of iε  confirms the existence of 

heteroscedasticity indicating that the unknown component of the utility affects 

different areas differently. The standard deviation of iε  is a function of the scale 

parameter of the distribution of iε , denoted by 1 iθ , which represents the level of 

uncertainty associated with area i. 

The most commonly used goodness of fit measure for discrete choice models 

is the likelihood ratio index. The likelihood ratio index is defined as ˆ1 ( ) (0)LL LLβ−  

where ˆ( )LL β  is the value of the log likelihood function at the estimated parameters 

and (0)LL  is the value of the log likelihood function when all the parameters are set 

equal to zero. The statistics measures how well the model, with its estimated 

parameters, performs compared with the model in which all the parameters are zero. 

The likelihood ratio index ranges from zero, when estimated parameters are no better 

than zero parameters, to one when estimated parameters perfectly predict choices 

made by the sampled decision makers.52 The likelihood ratio index of the estimated 

model equals 0.1879, which indicates that the specified model increases the value of 

                                                 
52 Note that the likelihood ratio index should not be confused with or interpreted as the R2 goodness of 
fit measure. 
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the log-likelihood function above the value taken at zero parameters. Furthermore, a 

likelihood ratio test for the null hypothesis that all parameters are equal to zero is 

rejected at 99% confidence.  

Of primary importance in this chapter is using the estimated coefficients to 

estimate the pre-RCA percentage shares of fishing per area. The pre-RCA estimated 

percentage shares are then compared with the actual pre-RCA percentage shares as a 

way to gauge the predictive ability of the model. This is important in order to be able 

to identify how the model may perform when used to simulate policy measures into 

this fishery and to identify other factors that could be used in the model to better 

predict the fishermen behavior. In the next chapter, I use the model to simulate the 

actual trawl RCA closures and compare simulated with the actual shares of fishing that 

have occurred during the trawl RCA (October 1, 2002 – April 31, 2003). 

Often, it is the case that a particular policy measure has not yet been 

implemented into the fishery and that policy makers would benefit from information 

on how the policy measure may change the fishermen behavior. In the case of spatial 

policy measures, a policy maker may be interested in potential changes in the spatial 

aspects of fishermen behavior, particularly because of the economics of displacement. 

In such a case, discrete choice models may be used to make predictions about these 

potential changes, either in terms of simulated percentage shares of fishing, or as is 

usually done in terms of simulated estimates of the welfare change. 

The ability of the model to simulate changes will depend upon a number of 

factors including how well the model predicts the reality and whether the policy 
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change would fundamentally change the nature of the choice problem making the pre-

change parameter estimates used in the simulation obsolete. As the latter will not be 

known until the policy has actually been implemented, and none of the studies to my 

knowledge has ever been able to compare the simulated with actual results, most of 

the simulation work done so far has not been validated. I contribute to the literature by 

comparing simulated with the actual RCA results after the policy measure. 

The first step in obtaining the pre-RCA estimated percentage shares of fishing 

per area is using the estimated coefficients together with the data to obtain the 

estimated probability of fisherman n choosing area i at choice occasion t (Formula (1), 

p. 40). As discussed in Chapter 4, these individual probabilities are approximated 

using the Laguerre Gaussian quadrature. 

To obtain a consistent estimate of the pre-RCA percentage share of fishing in 

each area method called sample numeration is used (see Train 2003). First, a 

consistent estimate of the total number of tows made within fishing area i is obtained 

as the sum of the individual probabilities 
1

ˆ ( )
iT

i nt
t

T P i
=

=∑ .53 The sum is then divided by 

the number of tows in a sample to obtain the estimated market share of choosing 

alternative i. Table 5 and Figure 6 show the differences between the estimated and 

actual percentage shares per area for the pre-RCA period.54 

                                                 
53 Note that this implies that all individual probabilities are given equal weights. 
54 The actual percentage share is a number of actual tows made per area during the pre-RCA period 
divided by the total number of tows, and multiplied by a hundred. 
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Table 5. Pre-RCA Actual and Estimated % Share of Fishing and Their Difference 

Depth Orientation Actual % 
Share (AS) 

Predicted % 
Share (PS) PS-AS 

Deep NN 9.95% 9.64% -0.31% 
Deep N 7.17% 7.49% 0.31% 
Deep C 8.20% 8.38% 0.18% 
Deep S 5.51% 6.54% 1.03% 
Deep SS 5.42% 4.66% -0.76% 

Medium NN 7.13% 6.95% -0.18% 
Medium N 7.89% 7.44% -0.45% 
Medium C 9.14% 8.87% -0.27% 
Medium S 4.03% 4.39% 0.36% 
Medium SS 2.29% 2.87% 0.58% 
Shallow NN 5.15% 4.66% -0.49% 
Shallow N 11.03% 9.82% -1.21% 
Shallow C 4.62% 4.98% 0.36% 
Shallow S 9.10% 9.59% 0.49% 
Shallow SS 3.36% 3.68% 0.31% 
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Figure 6. Pre-RCA Estimated and Actual % Share of Fishing Difference 

 
 

In Figure 6, darker-colored areas depict larger differences between pre-RCA 

estimated and actual shares and lighter-colored areas depict smaller differences 

between the pre-RCA estimated and actual percentage shares. The shares differ by less 

than 0.5% in 11 out of 15 areas. In two areas, the difference is between 0.5% and 

1.0%, and in two areas the difference is between 1.0% and 1.5%. Seven areas are 

underestimated, and eight are overestimated. Areas south of Newport are largely 

overestimated, while areas north of Newport are largely underestimated. This indicates 
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that when using this model to make predictions, one can expect a positive bias towards 

the south and a negative bias towards the north, especially in the shallow areas. 

One of the reasons for this pattern may be that the model does not implicitly 

account for the proportion of the type of habitat for each area. As can be seen from 

Figure 7, most of the shallow south areas consist overwhelmingly of the rocky type of 

habitat. Furthermore, this habitat does not seem to be preferred much by the fleet.55 A 

variable capturing the proportion of the rocky habitat type per area may be needed in 

the model to better explain the observed behavior.  

Additionally, even though there is an indication from fishermen that they do 

consider depth as an important factor in choosing fishing locations56 there is otherwise 

no indication that fishermen actually think about fishing areas as constructed in this 

dissertation. This is an important aspect to consider that has not gained much attention 

in the literature so far, but that has a large impact on the model’s ability to predict the 

actual behavior and should therefore be addressed by the future research. 

Another issue to consider is the model’s ability to capture the expected travel 

costs. The distance variable used in this study is only a rough approximation of the 

expected travel costs because of the lack of electronic information on the tow endings. 

Having the actual tow endings would result in a more accurate representation of the 

expected travel costs and would improve the model’s predictive abilities. Additionally, 

                                                 
55 I have mapped both winter and summer months over the type of habitat in the study area. Even 
though the rocky habitat is more preferred during the summer months than during the winter months, it 
appears to be much less preferred than other types of habitat, such as mud, a combination of mud and 
sand, and sand. The reason for this can be associated with the cost of gear hang-ups, whose likelihood 
of occurrence is naturally higher when trawling over the rocky habitat. 
56 Young, Richard. Former Fisherman. Personal Communication. May 3, 2005. 
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this information could be helpful in constructing more realistic fishing areas. 

Unfortunately, until the tow endings are electronically transcribed, this is the best that 

one can accomplish. Alternatively, as I am not aware of any other source of data for 

travel costs in this fishery, obtaining primary data on these costs may be a worthwhile 

undertaking.  

Figure 7. Lithology in the Study Area and pre-RCA Fishing Locations57 

 
 

                                                 
57 Lithology data courtesy of Chris Romsos, Active Tectonics Lab, College of Oceanic and 
Atmospheric Sciences, Oregon State University. 
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To gain understanding of the spatial distribution of fishing effort during the 

pre-RCA period, I looked at the pre-RCA estimated percentage shares of fishing per 

area (Table 5 and Figure 8). In Figure 8, the medium depth areas (fishing areas 

between the two dashed lines) are areas that were closed to groundfish trawling during 

the trawl RCA period (October 1, 2002 – April 31, 2003). 

In Figure 8, darker (red) color is used to depict higher pre-RCA estimated 

percentage shares, while lighter (yellow) color is used to depict lower pre-RCA 

estimated percentage shares. The highest pre-RCA estimated percentage share belongs 

to the shallow area just north of Newport, followed by the most northern area in the 

deep band, and the shallow area south of Newport. This means that they are estimated 

as the three most favorite fishing grounds within the study area during the winter 

months of the pre-RCA period. The least favorite fishing grounds within the study 

area during this period are estimated to be the southernmost area in the medium depth 

band, followed by the southernmost area in the shallow depth band. 

Overall, the model estimates that in the pre-RCA period fishermen are more 

likely to choose deep and medium depth northern fishing grounds over shallow and 

medium depth southern fishing grounds. This difference is even more pronounced 

when one considers the fact that the model underestimates the majority of the northern 

areas, and overestimates most of the southern areas. 
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Figure 8. Pre-RCA Average Estimated % Share of Fishing 

 
 

To gain a more complete picture of the spatial distribution of effort in the study 

area, I calculate the estimated fishing density per area (Table 6 and Figure 9). 

Interestingly, the area with the lowest pre-RCA estimated probability has the second to 

highest pre-RCA estimated density (the highest estimated density during this period 

belongs to the area immediately above it). This is important in terms of the economics 

of displacement. For example, if a policy maker wants to be aware of the possible 

displacement issues that may arise with the potential closures, it will be beneficial to 

know that the effort from closed areas that remains in the fishery will most likely 
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move to open areas with higher percentage shares of fishing. However, if these are 

also areas with the higher fishing density, secondary displacement or additional effort 

dropping from the fishery is more likely also to occur. 

In terms of the trawl RCA, it is interesting to observe that in the pre-RCA 

period the medium depth band areas have the highest estimated fishing density, 

followed by the deep and shallow depth band areas. The exception is the shallow area 

just north of Newport, which has a higher estimated fishing density than the rest of the 

areas in its depth band. 

Table 6. Pre-RCA Estimated Density and % Share of Fishing 

Depth Orientation Predicted Density 
per 10 km2  Predicted % Share 

Deep NN 0.80 9.64% 
Deep N 0.84 7.49% 
Deep C 1.01 8.38% 
Deep S 0.77 6.54% 
Deep SS 0.82 4.66% 

Medium NN 1.08 6.95% 
Medium N 1.17 7.44% 
Medium C 1.43 8.87% 
Medium S 2.70 4.39% 
Medium SS 2.61 2.87% 
Shallow NN 0.52 4.66% 
Shallow N 0.84 9.82% 
Shallow C 0.38 4.98% 
Shallow S 0.56 9.59% 
Shallow SS 0.20 3.68% 
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This indicates potential displacement problems in the deep areas, especially 

those in the north as they have higher estimated pre-RCA percentage shares of fishing 

than the deep areas in the south. Additional displacement issues will most likely occur 

in the shallow area just north of Newport, which has the highest estimated (and actual) 

percentage share in the pre-RCA period and the second highest pre-RCA estimated 

density among the areas that remain open during the trawl RCA. 

Figure 9. Pre-RCA Estimated Fishing Density 
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VIII. Policy Application 

Discrete choice models are increasingly being used to simulate closure(s) into 

the fishery and to predict the change in welfare associated with the closure(s). No 

study to my knowledge, however, compares simulated with the actual changes. In this 

chapter, the trawl RCA closure is simulated into the fishery to obtain the simulated 

percentage shares per area, and these simulated shares are compared to the actual 

percentage shares of the trawl RCA period (October 1, 2002 – April 30, 2003). Notice 

that because this dissertation focuses on the spatial behavior of fishermen, I look into 

the percentage shares of fishing associated with the closure rather than the welfare 

changes. 

To simulate the trawl RCA closure into this fishery NLOGIT Simulation 

command is used. The simulation restricts the fishermen’s choice set by excluding 

those areas closed under the trawl RCA, and uses the estimated coefficients from the 

pre-RCA model to recalculate the individual probabilities of choosing each area to 

fish.58 The percent shares per area are then calculated as described in the previous 

Chapter. Table 7 and Figure 10 show the simulated percentage shares per area. 

The simulation suggests higher percentage shares in the deep than in the 

shallow depth band, with the exception of the furthermost south area in the shallow 

band, which has an uncharacteristically large simulated percentage share. The 

simulation further suggests higher percentage shares for the south areas in contrast 

with the lower simulated percentage shares for the north areas. This is in agreement 
                                                 
58 See Formula (1), p. 40. The simulation is performed under the assumption of no structural change, 
which turned out to be incorrect (see Table 8, p. 86 and the discussion below it). 
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with results obtained by Wilen et al. (2002), whose simulation shows an asymmetric 

redistribution of effort, whereby the amount of effort that moves north is not the same 

as the amount of effort that moves south. In addition to the north-south asymmetry, 

simulation here also exhibits the shallow-deep asymmetry, whereby the amount of 

effort that moves to the deep depth band is not the same as the amount of effort that 

moves to the shallow depth band.  

In contrast to the results obtained by Wilen et al. (2002), and due to the 

position of the trawl RCA, the simulation here does not show what they call “a 

spatially autocorrelated ripple effect” (p. 564). The spatially autocorrelated ripple 

effect means that areas adjacent to the closed area receive the largest effort inflows 

and that the effort dies off as distances from the closed area increase. 

Two things characterize this simulation. First, a full compliance by the fishing 

fleet is assumed, i.e. because the simulated choice set does not include areas under the 

RCA, these areas are assumed not to be fished and automatically receive a zero 

percent share. Second, total effort is assumed unchanged by the introduction of the 

RCA. Therefore, total fishing effort in the open areas must increase as simulation 

redistributes the effort from closed to the open areas. However, effort per area need 

not necessarily increase because the redistribution of fishing effort may cause a 

decline in some of the open areas. Since the total fishing effort actually decreased by 

about 11.30% during the investigated trawl RCA in comparison to the average annual 

effort in the previous years, the implication is that the total simulated effort will tend 

to overpredict the total actual fishing effort in some of the open areas. The decrease in 
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the total fishing effort can be attributed to some fishermen preferring other 

employment opportunities, if they cannot fish in the closure. If the closed areas did not 

exhibit full compliance, the overpredicting in some of the open areas could be 

augmented even further. Yet without the full compliance, the simulation would 

underpredict the actual percentage shares in the closed areas. 

Table 7. Simulated and Actual RCA % Share and Their Difference 

Depth Orientation Simulated 
% Share  

Actual RCA 
% Share Difference 

Deep NN 10.18% 21.06% -10.88% 
Deep N 7.53% 8.67% -1.14% 
Deep C 10.36% 9.56% 0.80% 
Deep S 9.55% 10.27% -0.71% 
Deep SS 9.96% 8.50% 1.46% 

Medium NN 0.00% 1.95% -1.95% 
Medium N 0.00% 2.12% -2.12% 
Medium C 0.00% 0.35% -0.35% 
Medium S 0.00% 0.71% -0.71% 
Medium SS 0.00% 0.00% 0.00% 
Shallow NN 0.63% 10.09% -9.46% 
Shallow N 1.88% 8.85% -6.97% 
Shallow C 8.70% 7.79% 0.91% 
Shallow S 8.92% 7.79% 1.14% 
Shallow SS 32.29% 2.30% 29.99% 
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Figure 10. Simulated % Share of Fishing 

 
 

Table 7 and Figure 12 show the per area differences in the simulated and actual 

shares for the trawl RCA. The total simulated shares overpredict the total actual shares 

in the open areas by 5.13%. On the other hand, due to some fishermen fishing within 

the trawl RCA, the total simulated shares underpredict the total actual shares in the 

closed areas by 5.13%. Since my simulation will always underpredict the total actual 

shares in the closed areas by 5.13%, it will also always overpredict the total actual 

shares in the open areas by 5.13%, regardless of the change in total effort. What is 

more interesting, then, is the pattern of the over- and under-estimation in the open 
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areas. To investigate this pattern, I first look at the actual percentage shares for the 

trawl RCA and then compare the actual RCA shares with the simulated ones. 

Table 7 and Figure 11 show the actual percentage shares for the trawl RCA. 

The shares show that the likelihood of fishing during the RCA was relatively high in 

the deep depth band as well as in the shallow depth band north of Newport. Areas with 

the highest actual increase in percentage shares from the pre-RCA period59 are the 

northernmost and southern areas in the deep depth band (with more than 10% and 

almost 5% increase respectively) and the northernmost area in the shallow depth band 

(also with an almost 5% increase).60 In terms of policy-making, special attention to the 

displacement issues should be given in these areas. Interestingly, areas that 

experienced higher percentage shares during the RCA period as compared to the pre-

RCA period did not gain the fishing effort solely from the closed areas. There were 

three areas open to fishing in which the actual percentage shares decreased. These are 

the shallow area just north of Newport and the two shallow areas south of Newport, 

with the first two still sustaining a relatively high percentage shares of fishing. 

 

                                                 
59 For actual % shares in the pre-RCA period see Table 5. 
60 Together with the southernmost deep area, these are also areas with the highest relative increase in 
the actual fishing density. 
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Figure 11. RCA Actual % Share of Fishing 
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The simulation, therefore, tends to overpredict the actual shares in the south 

areas, while it underpredicts the actual shares in the north areas. This was expected 

because the model was observed underestimating north and overestimating south 

areas, especially in the shallow depth band, when I tested it against the actual shares 

observed during the pre-RCA period in the previous Chapter. Perhaps after including 

into the model some of the factors identified in the previous Chapter, one might no 

longer be able to observe this pattern. 

As it stands, if a policy maker were to use the simulated results to inform 

him/her about the change in the fishing effort across space, he/she would be 

reasonably well informed in terms of 11 fishing areas, which have the difference in 

simulated and actual shares less than 3%. The remaining four areas would, however, 

be problematic. The simulated shares underpredict the actual shares in these areas by 

10.88%, 9.46%, and 6.97%, while the simulation overpredicts the actual shares in the 

fourth area by 29.99%. This means that fishery managers might focus on mitigating 

the displacement effects in the southernmost shallow area because the simulation 

suggests that the highest percentage share would happen there, rather than focusing on 

the areas that may have much larger problems in terms of the economics of 

displacement. 
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Figure 12. Simulated and Actual RCA % Share of Fishing Difference 

 
 

One of the reasons for such simulation performance is most probably due to 

the fundamental change in the nature of the location choice problem that has occurred 

with the RCA introduction. To support this claim, I estimate an HEV model of the 

fishing location choice for the RCA data. The estimated coefficients from this model 

and the 95% confidence intervals of the coefficients for the pre-RCA period are shown 

in Table 8. Coefficient estimates for the distance and previous experience (habits) 

variables (DIST10KM and EXPFREQ) lie outside the confidence intervals, which 

suggests that at the 95% confidence level there are considerable differences between 
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the parameters of the pre-RCA and RCA periods for these two variables. In terms of 

the previous experience variable, this result makes perfect sense. When the RCA was 

implemented, a large number of the previously fished areas became out of limit for 

trawling. Fishermen’s habits needed to be adapted, as a large number of the old ones 

could no longer work.  

Table 8. HEV Results: RCA Coefficients and Pre-RCA Confidence Intervals 

Pre-RCA 
95% Confidence Interval Model Variable RCA Coeff. Estimate 

Lower Bound Upper Bound 
LNEREV 0.124 0.011 0.133 
NEREVDUM -1.194 -1.159 -0.855 
DIST10KM  -0.395 -0.476 -0.414 
EXPFREQ 0.005 0.010 0.013 
LNSTD 0.017 -0.076 0.130 

 

In terms of the distance variable, the explanation may consist of two parts. 

First, having the medium depth band closed to trawling must necessarily change the 

distances that one can travel from one fishing location to the next. Additionally, it is 

worth remembering that a large portion of the central and south shallow region is a 

rocky type of habitat not preferred by groundfish trawlers. The RCA, together with the 

lithology characteristics of the area, thus, limits fishing location options even more 

seriously for fishermen who choose to travel south. If, on the other hand, the captain 

decides to go north, even with the RCA there are plenty of fishing location options 

available. This is visible on Figure 13. A desire to avoid going south, unless one is 

already trawling in the deep band, would have substantially changed how distance 

plays a role in the choice problem. 
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Figure 13. Lithology in the Study Area with pre-RCA and RCA Fishing Locations 

 
 

The fact that the simulation is performed based on the parameter estimates 

from the pre-RCA period, and that the change fundamentally altered the nature of the 

choice problem, sets up the simulation for a relative failure as it is not able to capture 

that change. To my knowledge this is the first such “test” performed within the 

discrete choice framework, even within the broader literature of recreational fishing 

demand. As simulations based on discrete choice models are frequently used to derive 

information that may be useful to policy makers, there is much scope for future 

research. It needs to be clarified to what extent such simulation can be used to inform 

policy makers. 



 
 

88

Finally, a few notes are in order about the seeming lack of compliance with 

regards to the trawl RCA. First, even though there have been some authorized 

experimental fishing permits (EFPs) issued for vessels fishing with a selective flatfish 

trawl (type of small footrope gear) that were allowed to legally fish within the RCA 

during certain periods of time, none of the EFPs were issued for the trawl RCA off the 

Oregon coast between October 1, 2002 and April 31, 2003.61 

An alternative explanation may therefore rest in the fact that for some time 

after the trawl RCA has first been introduced into the fishery some fishermen thought 

that the boundaries were defined in terms of depth contours, rather than by straight 

lines that roughly correspond to the depth contours.62 Therefore, a fisherman might 

have been towing at the 300 fm and thought he/she was legally fishing, while in fact 

he/she was inside the 250 fm RCA boundary. This would also explain why fishermen 

chose to report that they were fishing within the trawl RCA. On the other hand, it is 

also possible that there was an incursion into the RCA or that the logbooks were 

incorrectly filled out as these situations have been known to occur.63 

 

                                                 
61 Burden, Merrick. NMFS Northwest Regional Office. Personal Communication. December 1, 2006. 
62 Sampson, David. Professor, Oregon State University. Email to author. August 14, 2006. 
63 Burden, Merrick. NMFS Northwest Regional Office. Email to author. November 12, 2006. 
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IX. Conclusion 

To increase the knowledge needed to successfully implement the ecosystem-

based approach to fishery management, I investigate important issues within the 

economics of choice and the economics of displacement. In particular, I estimate a 

discrete choice model of the fishing location decision in the Newport, OR bottom 

trawl groundfish fishery and use it to simulate the spatial management measure called 

the Rockfish Conservation Area (RCA) into this fishery.  

Clearly, estimating the allocation of fishing effort in a multi-species fishery is a 

complex task. However, the developed model indicates that it is possible to specify a 

behavioral model capable of capturing the key aspects of the spatial behavior of the 

groundfish fleet and yet simple enough to allow the estimation. The key aspects 

include the expected revenues in an area, expected costs to reach an area, no 

information regarding fleet revenues during the period of one month prior to the 

choice occasion, and the habits of fishing in an area. Other literature has already 

identified these factors as major determinants in making fishing location decisions 

(e.g. Eales and Wilen 1986; Holland and Sutinen 2000; Curtis and McConnell 2004; 

Smith and Wilen 2003) and this dissertation confirms that these results also hold in 

another fishery. 

This dissertation also joins a small number of studies whose results show that 

the short-term decision on the fishing location in a multi-gear or a multi-species 

fishery is most likely to exhibit risk neutrality or weak risk seeking (e.g. Dupont 1993; 

Holland and Sutinen 2000). Because fishermen in these fisheries reduce risk in other 
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ways, this does not mean that they are in general risk neutral or risk seeking. For 

example, in the gillnet-troll salmon fishery, fishermen may reduce risk through the 

choice of gear (Dupont 1993), while in the New England groundfish fishery they may 

reduce risk by targeting different species (Holland and Sutinen 2000). 

The results also indicate that the unknown component of the utility of choosing 

a particular fishing location affects different areas differently. Therefore, the 

commonly used models such as multinomial logit or even nested logit may not 

generally be sufficient when modeling a fishing location choice. This study is the first 

one to my knowledge to employ the HEV model to estimate location choices. 

I also apply a bootstrapping technique to test whether the model captures the 

components of the utility of location choices across tows. The test suggests that using 

the HEV model to estimate location choices for multi-day trips is a reasonable 

alternative to the mixed logit model. The mixed logit model can theoretically model 

any correlation and heteroscedasticity pattern, but due to its complexity is extremely 

difficult to estimate. 

Substantial exploration is still possible within the discrete choice framework. 

For example, estimating mixed logit or a state-dependent model developed by Smith 

(2005) may provide useful insight into how the utility of choosing an area differs 

across individual fishermen, and how a fishing decision for the current tow depends on 

the fishing decision from the previous tow. These aspects could not be fully 

investigated with the present model. Additionally, although there is still no established 

technique to correct for spatial autocorrelation within a multinomial discrete choice 
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framework (Anselin, Florax, and Rey 2004), effort should be made to look into the 

spatial autocorrelation issues, because of the possibility that there are unknown factors 

that influence the utility of choosing a particular fishing location that are correlated 

across space.  

To gauge the model’s ability to predict the actual behavior, the pre-RCA 

estimated and actual percentage shares of fishing per area are compared. Most shares 

are estimated within the 0.5% margin, with four out of 11 areas having the margin 

between 0.5% and 1.5%. Several improvements are suggested. First, there are factors 

such as the proportion of the type of habitat that could be incorporated into the model 

to increase its ability to predict the actual behavior. Incorporating this factor would 

also enable some investigation into the interaction between fishermen (as a biotic 

component of the ecosystem) and the habitat (as an abiotic component of the 

ecosystem). Second, effort should be made to seek information from fishermen on the 

exact shape and location of what they perceive as fishing areas. This effort has not yet 

been undertaken and it would be crucial to increasing the predictive abilities of the 

model. 

The ability to predict the distribution of fishing effort has become increasingly 

important to fisheries managers. With 10% of fish stocks depleted and 18% 

overfished, spatial management measures are becoming more widely used and are 

being given a lot of consideration as important tools of the ecosystem-based approach 

to fisheries management (FAO 2002, 2003). The impact of these measures on the 

spatial distribution of fishermen, however, is not clearly understood. The need for this 
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understanding is mostly driven by the economics of displacement, which may have 

negative consequences for both fishermen and marine ecosystems in terms of 

overfishing and habitat alteration. Designing management strategies to accommodate 

changes in the distribution of spatial effort becomes crucial for the success of the 

closures.  

Because of the ability of a discrete choice model to predict the redistribution of 

effort as conditions and regulations change, a number of studies use it to simulate 

closures into the fishery and obtain the simulated welfare change measurements. To 

my knowledge, however, there have been no studies of the fishing location choice that 

were able to compare the actual with the simulated results. To gain insight into how 

well can the simulation predict the actual change, this study compares the simulated 

with the actual percentage shares under the trawl Rockfish Conservation Area during 

the October 1, 2002 to April 30, 2003 period. 

The results show that although the majority of the areas are predicted to less 

than 3% error, four out of 15 areas are either highly overpredicted or underpredicted. 

This underlines the inherent problem of the simulation not being able to capture the 

fundamental change in the nature of the choice problem that occurs with the change in 

policy. Addressing this problem will be important as these models continue to be used 

to inform policy makers.  
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Appendix I. List of Species included in the Pacific Coast Groundfish FMP   
(PFMC 2006) 

Common Name Scientific Name 
  
 SHARKS 
Leopard shark Triakis semifasciata 
Soupfin shark Galeorhinus zyopterus 
Spiny dogfish Squalus acanthias 
Big skate Raja binoculata 
California skate R. inornata 
Longnose skate R. rhina 
 RATFISH 
Ratfish Hydrolagus colliei 
 MORIDS 
Finescale codling Antimora microlepis 
 GRENADIERS 
Pacific rattail Coryphaenoides acrolepis 
 ROUNDFISH 
Lingcod Ophiodon elongatus 
Cabezon Scorpaenichthys marmoratus 
Kelp greenling Hexagrammos decagrammus 
Pacific cod Gadus macrocephalus 
Pacific whiting (hake) Merluccius productus 
Sablefish Anoplopoma fimbria 
 ROCKFISH a/ 

Aurora rockfish Sebastes aurora 
Bank rockfish S. rufus 
Black rockfish S. melanops 
Black and yellow rockfish S. chrysomelas 
Blackgill rockfish S. melanostomus 
Blue rockfish S. mystinus 
Bocaccio S. paucispinis 
Bronzespotted rockfish S. gilli 
Brown rockfish S. auriculatus 
Calico rockfish S. dallii 
California scorpionfish Scorpaena gutatta 
Canary rockfish Sebastes pinniger 
Chameleon rockfish S. phillipsi 
Chilipepper S. goodei 
China rockfish S. nebulosus 
Copper rockfish S. caurinus 
Cowcod S. levis 
Darkblotched rockfish S. crameri 
Dusky rockfish S. ciliatus 
Dwarf-red rockfish S. rufinanus 
Flag rockfish S. rubrivinctus 
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Freckled rockfish S lentiginosus 
Gopher rockfish S. carnatus 
Grass rockfish S. rastrelliger 
Greenblotched rockfish S. rosenblatti 
Greenspotted rockfish S. chlorostictus 
Greenstriped rockfish S. elongatus 
Halfbanded rockfish S. semicinctus 
Harlequin rockfish S. variegatus 
Honeycomb rockfish S. umbrosus 
Kelp rockfish S. atrovirens 
Longspine thornyhead Sebastolobus altivelis 
Mexican rockfish Sebastes macdonaldi 
Olive rockfish S. serranoides 
Pink rockfish S. eos 
Pinkrose rockfish S. simulator 
Pygmy rockfish S. wilsoni 
Pacific ocean perch S. alutus 
Quillback rockfish S. maliger 
Redbanded rockfish S. babcocki 
Redstripe rockfish S. proriger 
Rosethorn rockfish S. helvomaculatus 
Rosy rockfish S. rosaceus 
Rougheye rockfish S. aleutianus 
Sharpchin rockfish S. zacentrus 
Shortbelly rockfish S. jordani 
Shortraker rockfish S. borealis 
Shortspine thornyhead Sebastolobus alascanus 
Silvergray rockfish Sebastes brevispinis 
Speckled rockfish S. ovalis 
Splitnose rockfish S. diploproa 
Squarespot rockfish S. hopkinsi 
Starry rockfish S. constellatus 
Stripetail rockfish S. saxicola 
Swordspine rockfish S. ensifer 
Tiger rockfish S. nigrocinctus 
Treefish S. serriceps 
Vermilion rockfish S. miniatus 
Widow rockfish S. entomelas 
Yelloweye rockfish S. ruberimus 
Yellowmouth rockfish S. reedi 
Yellowtail rockfish S. flavidus 
 FLATFISH 
Arrowtooth flounder (turbot) Atheresthes stomias 
Butter sole Isopsetta isolepis 
Curlfin sole Pleuronichthys decurrens 
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Dover sole Microstomus pacificus 
English sole Parophrys vetulus 
Flathead sole Hippoglossoides elassodon 
Pacific sanddab Citharichthys sordidus 
Petrale sole Eopsetta jordani 
Rex sole Glyptocephalus zachirus 
Rock sole Lepidopsetta bilineata 
Sand sole Psettichthys melanostictus 
Starry flounder Platichthys stellatus 

a/ The category “rockfish includes all genera and species of the family Scopaenidae, 
even if not listed, that occur in the Washington, Oregon, and California area. The 
Scopaenidae genera are Sebastes, Scorpaena, Sebastolobus, and Scorpaenodes. 
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Appendix II. National Standards for Fishery Conservation and Management 
(MSFCMA, Title III, Section 301(a)) 

(1) Conservation and management measures shall prevent overfishing while 
achieving, on a continuing basis, the optimum yield from each fishery for the United 
States fishing industry. 

(2) Conservation and management measures shall be based upon the best scientific 
information available.  

(3) To the extent practicable, an individual stock of fish shall be managed as a unit 
throughout its range, and interrelated stocks of fish shall be managed as a unit or in 
close coordination.  

(4) Conservation and management measures shall not discriminate between residents 
of different States. If it becomes necessary to allocate or assign fishing privileges 
among various United States fishermen, such allocation shall be (A) fair and equitable 
to all such fishermen; (B) reasonably calculated to promote conservation; and (C) 
carried out in such manner that no particular individual, corporation, or other entity 
acquires an excessive share of such privileges. 

(5) Conservation and management measures shall, where practicable, consider 
efficiency in the utilization of fishery resources; except that no such measure shall 
have economic allocation as its sole purpose.  

(6) Conservation and management measures shall take into account and allow for 
variations among, and contingencies in, fisheries, fishery resources, and catches.  

(7) Conservation and management measures shall, where practicable, minimize costs 
and avoid unnecessary duplication.  

(8) Conservation and management measures shall, consistent with the conservation 
requirements of this Act (including the prevention of overfishing and rebuilding of 
overfished stocks), take into account the importance of fishery resources to fishing 
communities in order to (A) provide for the sustained participation of such 
communities, and (B) to the extent practicable, minimize adverse economic impacts 
on such communities.  

(9) Conservation and management measures shall, to the extent practicable, (A) 
minimize bycatch and (B) to the extent bycatch cannot be avoided, minimize the 
mortality of such bycatch. 

(10) Conservation and management measures shall, to the extent practicable, promote 
the safety of human life at sea.  
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Appendix III. Rockfish Conservation Area (RCA) for Limited Entry Trawl Gear North 
of 40º10’ N Latitude Boundaries 2002 – 2005 
(67 FR 57973, Sept 13, 2002, 68 FR 908, January 7, 2003, 68 FR 11182, March 7, 
2003, 68 FR 23901, May 6, 2003, 68 FR 32680, June 2, 2003, 68 FR 40187, July 7, 
2003, 68 FR 66352, November 26, 2003, 69 FR 1322, January 8, 2004, 69 FR 11064, 
March 9, 2004, 69 FR 77012, December 24, 2004) 
 
 
October 2002 – April 2003: 100 – 250 fathoms (fm) 
May 2003: shore – 250 fm 
July - August 2003: 75 – 200 fm 
September – November 2003: 50 – 200 fm 
December – December 2003: shore – 200 fm 
January – February 2004: 75 – 200 fm 
March – June 2004: 60 – 200 fm 
July - August 2004: 75 – 150 fm 
September 2004 – February 2005: 75 – 200 fm 
March – October 2005: 100 – 200 fm 
November – December 2005: 75 – 200 fm 
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Appendix IV. Nearshore Logbook Sample and Instructions (ODFW 2005) 
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Appendix V. Logbook Database Fields (ODFW Marine Resources Program) 

Field Field Name Description 
1 GEAR Gear Code 
2 VESSID Scrambled Vessel Identification Number 
3 CREW Crew Size 
4 FUEL Fuel Used 
5 TIKID Scrambled Fish Ticket Number 
6 TRIPCAT Trip Category (01 / 02) 
7 DEPARTPORT Port of Departure 
8 DEPARTTIME Departure Time 
9 RETURNTIME Return Time 
10 RETURNPORT Port of Return 
11 DEPARTDATE Departure Date 
12 RETURNDATE Return Date 
13 NTOW Tow Number 
14 TOWDATE Date of Tow 
15 DURATION Duration of Tow, hours 
16 SETTIME Set Time 
17 UPTIME Up Time 
18 CHAN1 Set Location, Loran Channel1 
19 LORAN1 Set Location, Loran Microseconds1 
20 LATITUDE Set, Latitude, degrees 
21 CHAN2 Set Location, Loran Channel2 
22 LORAN2 Set Location, Loran Microseconds2 
23 LONGITUDE Set Location, degrees 
24 BLOCK Fishing block 
25 GISBLOCK Fishing GIS block 
26 STATEAREA Area Code specified by State 
27 PMFCAREA PMFC Area Code 
28 BOTDEPTH Bottom Depth, Fathoms 
29 NETDEPTH Net Depth, Fathoms 
30 NETTYPE Type of Net 
31 TARGETSP Target Species 
32 ALLGF_ADJ Adjusted Pounds of All Groundfish 
33 ALLGF_HAIL Hailed Pounds of All Groundfish 
34 ALLFLTADJ Adjusted Pounds of All Flatfish 
35 ALLFLTHAIL Hailed Pounds of All Flatfish 
36 EGLS_ADJ Adjusted Pounds of English Sole 
37 EGLS_HAIL Hailed Pounds of English Sole 
38 RSOL_ADJ Adjusted Pounds of Rock Sole 
39 RSOL_HAIL Hailed Pounds of Rock Sole 
40 PTRL_ADJ Adjusted Pounds of Petrale Sole 
41 PTRL_HAIL Hailed Pounds of Petrale Sole 
42 DOVR_ADJ Adjusted Pounds of Dover Sole 
43 DOVR_HAIL Hailed Pounds of Dover Sole 

 
 



 
 

109

44 REX_ADJ Adjusted Pounds of Rex Sole 
45 REX_HAIL Hailed Pounds of Rex Sole 
46 STRY_ADJ Adjusted Pounds of Starry Flounder 
47 STRY_HAIL Hailed Pounds of Starry Flounder 
48 BSOL_ADJ Adjusted Pounds of Butter Sole 
49 BSOL_HAIL Hailed Pounds of Butter Sole 
50 SDAB_ADJ Adjusted Pounds of Sanddab 
51 SDAB_HAIL Hailed Pounds of Sanddab 
52 SSOL_ADJ Adjusted Pounds of Sand Sole 
53 SSOL_HAIL Hailed Pounds of Sand Sole 
54 CSOL_ADJ Adjusted Pounds of Curlfin Sole 
55 CSOL_HAIL Hailed Pounds of Curlfin Sole 
56 ARTH_ADJ Adjusted Pounds of Arrowtooth Flounder 
57 ARTH_HAIL Hailed Pounds of Arrowtooth Flounder 
58 MFLT_ADJ Adjusted Pounds of Misc. Flatfish 
59 MFLT_HAIL Hailed Pounds of Misc. Flatfish 
60 ALLRK_ADJ Adjusted Pounds of All Rockfish 
61 ALLRK_HAIL Hailed Pounds of All Rockfish 
62 NSRF_ADJ Adjusted Pounds of Nearshore Rockfish 
63 NSRF_HAIL Hailed Pounds of Nearshore Rockfish 
64 SHRF_ADJ Adjusted Pounds of Shelf Rockfish 
65 SHRF_HAIL Hailed Pounds of Shelf Rockfish 
66 SLRF_ADJ Adjusted Pounds of Slope Rockfish 
67 SLRF_HAIL Hailed Pounds of Slope Rockfish 
68 SMRK_ADJ Adjusted Pounds of Small Rockfish 
69 SMRK_HAIL Hailed Pounds of Small Rockfish 
70 LGRK_ADJ Adjusted Pounds of Large Rockfish 
71 LGRK_HAIL Adjusted Pounds of Large Rockfish 
72 POP_ADJ Adjusted Pounds of Pacific Ocean Perch 
73 POP_HAIL Hailed Pounds of Pacific Ocean Perch 
74 DBRK_ADJ Adjusted Pounds of Darkblotched Rockfish 
75 DBRK_HAIL Hailed Pounds of Darkblotched Rockfish 
76 WDOW_ADJ Adjusted Pounds of Widow RF 
77 WDOW_HAIL Hailed Pounds of Widow RF 
78 YTRK_ADJ Adjusted Pounds of Yellowtail RF 
79 YTRK_HAIL Hailed Pounds of Yellowtail RF 
80 SBLY_ADJ Adjusted Pounds of Shortbelly RF 
81 SBLY_HAIL Hailed Pounds of Shortbell RF 
82 BLCK_ADJ Ajusted Pounds of Black RF 
83 BLCK_HAIL Hailed Pounds of Black RF 
84 BLUR_ADJ Adjusted Pounds of Blue RF 
85 BLUR_HAIL Hailed Pounds of Blue RF 
86 CNRY_ADJ Adjusted Pounds of Canary RF 
87 CNRY_HAIL Hailed Pounds of Canary RF 
88 BCAC_ADJ Adjusted Pounds of Bocaccio RF 
89 BCAC_HAIL Hailed Pounds of Bocaccio RF 
90 MRCK_ADJ Adjusted Pounds of Misc. RF 
91 MRCK_HAIL Hailed Pounds of Misc. RF 
92 THDS_ADJ Adjusted Pounds of Unid. Thornyhead 
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93 THDS_HAIL Hailed Pounds of Unid. Thornyhead 
94 SSPN_ADJ Adjusted Pounds of Shortspine Thornyhead 
95 SSPN_HAIL Hailed Pounds of Shortspine Thornyhead 
96 LSPN_ADJ Adjusted Pounds of Longspine Thornyhead 
97 LSPN_HAIL Hailed Pounds of Longspine Thornyhead 
98 PWHT_ADJ Adjusted Pounds of Pacific Whiting(Hake) 
99 PWHT_HAIL Hailed Pounds of Pacific Whiting(Hake) 
100 PCOD_ADJ Adjusted Pounds of Pacific Cod 
101 PCOD_HAIL Hailed Pounds of Pacific Cod 
102 GRDR_ADJ Adjusted Pounds of Grenadiers 
103 GRDR_HAIL Hailed Pounds of Grenadiers 
104 SABL_ADJ Adjusted Pounds of Sablefish 
105 SABL_HAIL Hailed Pounds of Sablefish 
106 GRNL_ADJ Adjusted Pounds of Greenling 
107 GRNL_HAIL Hailed Pounds of Greenling 
108 LCOD_ADJ Adjusted Pounds of Lingcod 
109 LCOD_HAIL Hailed Pounds of Lingcod 
110 CBZN_ADJ Adjusted Pounds of Cabezon 
111 CBZN_HAIL Hailed Pounds of Cabezon 
112 PMCK_ADJ Adjusted Pounds of Chub Mackerel (Pacific) 
113 PMCK_HAIL Hailed Pounds of Chub Mackerel (Pacific) 
114 JMCK_ADJ Adjusted Pounds of Jack Mackerel 
115 JMCK_HAIL Hailed Pounds of Jack Mackerel 
116 DSRK_ADJ Adjusted Pounds of Dog Shark 
117 DSRK_HAIL Hailed Pounds of Dog Shark 
118 SRKFMPADJ Adjusted Pounds of FMP Sharks 
119 SRKFMPHAIL Hailed Pounds of FMP Sharks 
120 SRKM_ADJ Adjusted Pounds of Misc. Sharks 
121 SRKM_HAIL Hailed Pounds of Misc. Sharks 
122 SKAT_ADJ Adjusted Pounds of Skate 
123 SKAT_HAIL Hailed Pounds of Skate 
124 WSTG_ADJ Adjusted Pounds of White Sturgeon 
125 WSTG_HAIL Hailed Pounds of White Sturgeon 
126 GSTG_ADJ Adjusted Pounds of Green Sturgeon 
127 GSTG_HAIL Hailed Pounds of Green Sturgeon 
128 SQID_ADJ Adjusted Pounds of Squid 
129 SQID_HAIL Hailed Pounds of Squid 
130 OCTP_ADJ Adjusted Pounds of Octopus 
131 OCTP_HAIL Hailed Pounds of Octopus 
132 MISC_ADJ Adjusted Pounds of Misc. Fish 
133 MISC_HAIL Hailed Pounds of Misc. Fish 
134 USMN_ADJ Adjusted Pounds of Salmon 
135 USMN_HAIL Hailed Pounds of Salmon 
136 USRM_ADJ Adjusted Pounds of Shrimp 
137 USRM_HAIL Hailed Pounds of Shrimp 
138 GROSS_ADJ Adjusted Pounds of All Fish 
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Appendix VI. Fish Ticket Database Fields (ODFW Marine Resources Program) 

Field Field Name Description 
1 GEAR Gear Code 
2 PORT Port of Landing 
3 VESID Scrambled Vessel Identification Number 
4 LAND_DATE Landing Date 
5 PMFCAREA PMFC AREA 
6 CONFIS_COD Confiscated Fish Codes (see below) 
7 TIKID Scrambled Fish Ticket Number 
8 SP_CODE Species Code (see worksheet) 
9 CONDITION Condition code (see below) 
10 GRADE Grade code (see below) 
11 PRICE_DOL Price per pound in dollars 
12 ROUND_LBS Pounds landed 
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Appendix VII. Program Codes  

Code 1 

% BV, 09/24/06 
% This code calculates fleet-based daily revenue for the entire data set  
% (1/1 - 12/31, 1998 - 2003) 
% Step 1: 
% This code uses catch.txt and price.txt files to match prices and adjusted 
% catch per species, month, year. Result is exported as catch_price.csv. 
% Note: catch is also classified per fish area. 
% Step 2: 
% It then calculates revenues per species, day, month, year, and fish 
% area and exports the result as revenues.csv. 
% Step 3: 
% Finally, it sums these revenues to yield the total revenue per day, month, 
% year, and fish area. This is exported as realydone.csv. 
% Note1: 
% price.txt is an exported file from 
% D:\D_analysis_Fall06\allData_wWA&CA\allData_wWA&CA.mdb 
% (avg_monthly_price_species Query called price) 
% Note2: 
% catch.txt is an exported file from 
% D:\D_analysis_Fall06\allData_wWA&CA\allData_wWA&CA.mdb 
% (avg_daily_catch_species Query called catch) 
% Note3: 
% It also calculates total catch per species for the entire fleet 
%%%%%%%%%%%%%%%%%%%%% 
 
clear all 
clc 
g=fix(clock) %start time marker 
 
disp('Matching catch with prices...') 
 
price1=csvread('price.txt'); 
catch1=csvread('catch.txt'); 
[pl, pw] = size(price1); 
[cl, cw] = size(catch1); 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
%catch  1    fish area   |   price   1   month  
%       2    day         |           2   spcode       
%       3    month       |           3   price 
%       4:43 fish        |           4   year 
%       44   year        |            
%       45   cont_day    |            
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
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for i=1:cl, 
    for j=1:pl, 
        new(i,1:3)=catch1(i,1:3); 
           if catch1(i,3)==price1(j,1), 
              if catch1(i,44)==price1(j,4);  
                if price1(j,2)==626, 
                    %disp('English Sole') 
                    new(i,4)=catch1(i,4); 
                    new(i,5)=price1(j,3); 
                elseif price1(j,2)==620, 
                    %disp('Rock Sole') 
                    new(i,6)=catch1(i,5); 
                    new(i,7)=price1(j,3); 
                elseif price1(j,2)==608, 
                    %disp('Petrale Sole') 
                    new(i,8)=catch1(i,6); 
                    new(i,9)=price1(j,3); 
                elseif price1(j,2)==624, 
                    %disp(%dover Sole') 
                    new(i,10)=catch1(i,7); 
                    new(i,11)=price1(j,3); 
                elseif price1(j,2)==610, 
                    %disp('Rex Sole') 
                    new(i,12)=catch1(i,8); 
                    new(i,13)=price1(j,3); 
                elseif price1(j,2)==628, 
                    %disp('Starry Flounder') 
                    new(i,14)=catch1(i,9); 
                    new(i,15)=price1(j,3); 
                elseif price1(j,2)==618, 
                    %disp('Butter Sole') 
                    new(i,16)=catch1(i,10); 
                    new(i,17)=price1(j,3); 
                elseif price1(j,2)==604, 
                    %disp('Pacific Sanddab') 
                    new(i,18)=catch1(i,11); 
                    new(i,19)=price1(j,3); 
                elseif price1(j,2)==634, 
                    %disp('Sand Sole') 
                    new(i,20)=catch1(i,12); 
                    new(i,21)=price1(j,3); 
                elseif price1(j,2)==632, 
                    %disp('Curlfin Sole') 
                    new(i,22)=catch1(i,13); 
                    new(i,23)=price1(j,3); 
                elseif price1(j,2)==606, 
                    %disp('Arrowtooth Flounder') 
                    new(i,24)=catch1(i,14); 
                    new(i,25)=price1(j,3); 
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                elseif price1(j,2)==401, 
                    %disp('Nearshore Rockfish') 
                    new(i,26)=catch1(i,15); 
                    new(i,27)=price1(j,3); 
                elseif price1(j,2)==402, 
                    %disp('Shelf Rockfish') 
                    new(i,28)=catch1(i,16); 
                    new(i,29)=price1(j,3); 
                elseif price1(j,2)==403, 
                    %disp('Slope Rockfish') 
                    new(i,30)=catch1(i,17); 
                    new(i,31)=price1(j,3); 
                elseif price1(j,2)==406, 
                    %disp('Small Rockfish') 
                    new(i,32)=catch1(i,18); 
                    new(i,33)=price1(j,3); 
                elseif price1(j,2)==410, 
                    %disp('Large Rockfish') 
                    new(i,34)=catch1(i,19); 
                    new(i,35)=price1(j,3); 
                elseif price1(j,2)==413, 
                    %disp('Pacific Ocean Perch') 
                    new(i,36)=catch1(i,20); 
                    new(i,37)=price1(j,3); 
                elseif price1(j,2)==426, 
                    %disp(%darkblotched Rockfish') 
                    new(i,38)=catch1(i,21); 
                    new(i,39)=price1(j,3); 
                elseif price1(j,2)==531, 
                    %disp('Widow Rockfish') 
                    new(i,40)=catch1(i,22); 
                    new(i,41)=price1(j,3); 
                elseif price1(j,2)==433, 
                    %disp('Yellowtail') 
                    new(i,42)=catch1(i,23); 
                    new(i,43)=price1(j,3); 
                elseif price1(j,2)==438, 
                    %disp('Shortbelly Rockfish') 
                    new(i,44)=catch1(i,24); 
                    new(i,45)=price1(j,3); 
                elseif price1(j,2)==442, 
                    %disp('Black Rockfish') 
                    new(i,46)=catch1(i,25); 
                    new(i,47)=price1(j,3); 
                elseif price1(j,2)==445, 
                    %disp('Blue Rockfish') 
                    new(i,48)=catch1(i,26); 
                    new(i,49)=price1(j,3); 
                elseif price1(j,2)==451, 
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                    %disp('Canary Rockfish') 
                    new(i,50)=catch1(i,27); 
                    new(i,51)=price1(j,3); 
                elseif price1(j,2)==470, 
                    %disp('Shortspine Thornyhead') 
                    new(i,52)=catch1(i,28); 
                    new(i,53)=price1(j,3); 
                elseif price1(j,2)==471, 
                    %disp('Longspine Thornyhead') 
                    new(i,54)=catch1(i,29); 
                    new(i,55)=price1(j,3); 
                elseif price1(j,2)==203, 
                    %disp('Pacific Whiting (Hake)') 
                    new(i,56)=catch1(i,30); 
                    new(i,57)=price1(j,3); 
                elseif price1(j,2)==201, 
                    %disp('Pacific Cod') 
                    new(i,58)=catch1(i,31); 
                    new(i,59)=price1(j,3); 
                elseif price1(j,2)==211, 
                    %disp('Grenadiers') 
                    new(i,60)=catch1(i,32); 
                    new(i,61)=price1(j,3); 
                elseif price1(j,2)==477, 
                    %disp('Sablefish') 
                    new(i,62)=catch1(i,33); 
                    new(i,63)=price1(j,3); 
                elseif price1(j,2)==480, 
                    %disp('Greenling') 
                    new(i,64)=catch1(i,34); 
                    new(i,65)=price1(j,3); 
                elseif price1(j,2)==484, 
                    %disp('Lingcod') 
                    new(i,66)=catch1(i,35); 
                    new(i,67)=price1(j,3); 
                elseif price1(j,2)==556, 
                    %disp('Cabezon') 
                    new(i,68)=catch1(i,36); 
                    new(i,69)=price1(j,3); 
                elseif price1(j,2)==374, 
                    %disp('Chub (Pacific) Mackerel') 
                    new(i,70)=catch1(i,37); 
                    new(i,71)=price1(j,3); 
                elseif price1(j,2)==290, 
                    %disp('Jack Mackerel') 
                    new(i,72)=catch1(i,38); 
                    new(i,73)=price1(j,3); 
                elseif price1(j,2)==041, 
                    %disp('Skate') 



 
 

116

                    new(i,74)=catch1(i,39); 
                    new(i,75)=price1(j,3); 
                elseif price1(j,2)==051, 
                    %disp('White Sturgeon') 
                    new(i,76)=catch1(i,40); 
                    new(i,77)=price1(j,3); 
                elseif price1(j,2)==052, 
                    %disp('Green Sturgeon') 
                    new(i,78)=catch1(i,41); 
                    new(i,79)=price1(j,3); 
                elseif price1(j,2)==951, 
                    %disp('Giant (Pacific) Octopus') 
                    new(i,80)=catch1(i,42); 
                    new(i,81)=price1(j,3); 
                elseif price1(j,2)==061, 
                    %disp('Salmon') 
                    new(i,82)=catch1(i,43); 
                    new(i,83)=price1(j,3); 
                elseif price1(j,2)==062, 
                    new(i,84)=price1(j,3); 
                elseif price1(j,2)==063, 
                    new(i,85)=price1(j,3); 
                elseif price1(j,2)==065, 
                    new(i,86)=price1(j,3); 
                end 
             end 
        end 
        new(i,87:88)=catch1(i,44:45); 
   end 
end 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
% new   1    fish area   
%       2    day 
%       3    month        
%       4:86 catch, price per species 
%       87   year 
%       88   cont_day 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
 
disp('') 
disp('Exporting catch_price.csv...') 
csvwrite('catch_price.csv', new); 
disp('') 
disp('Calculating revenues per species...') 
done(:,1:3)=new(:,1:3); 
i1=4; 
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d1=4; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
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done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
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i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=new(:,i1).*new(:,i1+1); 
i1=i1+2; 
d1=d1+1; 
done(:,d1)=((new(:,i1).*new(:,i1+1))+(new(:,i1).*new(:,i1+2))+(new(:,i1).*new(:,i1+3))+(n
ew(:,i1).*new(:,i1+4))); 
done(:,d1)=done(:,d1)./4; 
done(:,d1+1)=new(:,87); 
done(:,d1+2)=new(:,88); 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
% done  1    fish area   
%       2    day 
%       3    month        
%       4:43 revenue per species 
%       44   year 
%       45   cont_day 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
 
disp('') 
disp('Exporting revenues.csv...') 
csvwrite('revenues.csv', done); 
 
 
% Calculating total revenues per species (entire fishery) 
for bla=1:cw 
    col_sum(bla) = sum(done(:,bla)); 
end 
col_sum(1) = 0; 
col_sum(2) = 0; 
col_sum(3) = 0; 
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col_sum(44) = 0; 
csvwrite('tot_rev_spec.csv', col_sum); 
 
disp('') 
disp('Calculating total revenue...') 
 
% Calculating total revenue using sum(matrix, 2) command 
% excluding species with 0 or close to 0 revenues for all 
% observations (column index 40:43)  
 
realydone(:,1:3)=done(:,1:3); 
realydone(:,4)=sum(done(:,4:43), 2); 
realydone(:,5:6)=done(:,44:45); 
 
[rl,rw]=size(realydone); 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
%realydone  1   fish area 
%           2   day 
%           3   month 
%           4   total revenue 
%           5   year 
%           6   cont_day 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
 
disp('') 
disp('Exporting realydone.csv...') 
csvwrite('realydone.csv', realydone); 
 
g=fix(clock) %end time marker 
 
NOTE: Code 1 is shown for fleet-based revenues calculation. Vessel-based revenue 
calculation is performed in a same way using different input files. 
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Code 2 

% BV | 09/24/06 
% This code uses choice.txt to expand the per-tow data set into one that 
% includes all 15 choices per choice occasion while creating the choice 
% variable (1 if the fish area was visited on that choice occasion, and 
% zero otherwise). 
% This code also creates two total previous experience variables. 
% Thus variables new 9 - 12 are constructed. 
% Output is new.csv 
% Note1: 
% choice.txt is an exported file from 
% D:\D_analysis_Fall06\allData_wWA&CA\allData_wWA&CA.mdb 
% (choice query from logp_ALL_Intersect_final) 
% Note2: 
% The choice query MUST BE SORTED by (in exactly this order) vesid, towdate 
% (cont_day), and ntow  
 
clear; 
clc; 
g=fix(clock) %start time marker 
  
choice1 = csvread('choice.txt'); 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% choice1   1   VESID 
%           2   year 
%           3   month 
%           4   day 
%           5   continuous_date 
%           6   ntow 
%           7   fish_area 
%           8   veslngth 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% constructed and added to 
% choice1   9   tow-1 area  
%           10  choice 1 or 0 
%           11  total experience 1 or 0 (per individual vessel) 
%           12  individual total experience freq 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%           13 - 28 zeros (place holders for more_choice_model variables) 
%           29  departport 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
[ld,cd]=size(choice1); %get input array size 
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disp('Generating tow-1 fish_area vector') 
if choice1(1,6)>1 
    choice1(1,9)=38; 
end 
  
for i=2:ld 
    if choice1(i,6)==1 
        choice1(i,9)=37; 
    elseif choice1(i,6)~=(choice1(i-1,6)+1) 
        choice1(i,9)=38; 
    else 
        choice1(i,9)=choice1(i-1,7); 
    end 
end 
  
disp('Creating choice based on fish_area...') 
uniq=unique(choice1(:,7));  %get a vector of unique area values 
lq=length(uniq);          %calculate length of the above vector 
[ld,cd]=size(choice1);      %recalculate number of rows and number of columns of the 
original data set 
  
% WARNING: Number of columns here must match the number of variables  
% in new that will come out as an output from this code 
new=zeros(ld*lq, 29);       %generate new array for choices 
  
ref=1;                   %setting loop reference (counter) 
  
for m=1:ld 
      for n=1:lq 
        new(ref,1:9)=choice1(m,1:9); 
        new(ref,29)=choice1(m,29); 
          if choice1(m,7)==uniq(n); 
              new(ref,10)=1; 
          else 
              new(ref,7)=uniq(n); 
              new(ref,10)=0; 
          end 
       ref=ref+1; 
    end 
end 
  
fix(clock)-g 
  
disp('Creating frequency of fishing for all t-1...') 
  
[ld,cd]=size(new); %get input array size 
  
 
for o=1:ld 
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    if mod(o, 1000) == 0 
        disp(o/ld) 
    end 
     
    ref=0;              %ref is count or frequency of fishing of n at i for all t-1 
        for p=1:ld 
           if new(o,7)==new(p,7) & new(o,1)==new(p,1) & new(p,10)==1 & 
new(o,5)>new(p,5) 
               ref=ref+1; 
           elseif new(o,7)==new(p,7) & new(o,1)==new(p,1) & new(p,10)==1 & 
new(o,5)==new(p,5) & new(o,6)>new(p,6) 
               ref=ref+1; 
           end 
        end 
         
    if ref~=0    
    new(o,11)=1;          % if n fished at area i in the past, set experience to 1 
    new(o,12)=ref;        % and save experience count (frequency of fishing for n at i, t-1) 
    else                  % both are zero 
    new(o,11)=0;       
    new(o,12)=0; 
    end; 
end; 
  
fix(clock)-g 
  
disp('Generating output file new.csv...') 
csvwrite('new.csv', new); 
  
g=fix(clock) %end time marker 
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Code 3 

% BV | 10/28/06 
% This code is a continuation of choice_model.m 
% Variables new 13 - new 46 are created. 
% INPUT:  
% 1) realydone.csv, an output file from calc_daily_rev.m 
% 2) realydone_indiv, an output file from calc_daily_rev_indiv.m 
% 3) new.csv, an output file from choice_model.m. 
% 4) boats.txt 
% 5) ID_36areas.txt 
% 6) crosstab_loc36Toloc.txt 
% 7) dist_NewpTo36Areas 
% 4 - 7 are queries exported from 
% D:\D_analysis_Summer06\updating_weighting_etc\choice_model.mdb 
% 8) neighbor_matrix36.csv, created by hand in Excel. Neighbors are all 
% adjacent areas. 
 
% OUTPUT:  
% more_choice_model.csv 
 
% 09/02/06 :: fixed tripid issues in new and indiv_rev 
% 09/17/06 :: fixed neighbor dummy new(24) calculation - if statement <=noa 
% UPDATING & DISTANCE CALCULATIONS NEED TO KNOW THE NUMBER OF 
AREAS 
 
noa = 36; 
clc 
 
disp('% WARNING % WARNING % WARNING % WARNING % WARNING % 
WARNING %') 
disp('% DELETE FIRST 10 DAYS (OR HOW EVER MANY DAYS IS THE LAG)') 
disp('% FROM THE FINISHED PRODUCT OF THIS CODE') 
disp('% WARNING % WARNING % WARNING % WARNING % WARNING % 
WARNING %')  
disp(' Press any key to continue...') 
pause 
 
clc 
g=fix(clock) %start time marker 
 
disp('Looking for revenues per area and continuous day...') 
revenue_lag = input('Enter revenue time lag (integer): '); 
revenues = csvread('realydone.csv'); 
new = csvread('new.csv'); 
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%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% revenues  1   fish area 
%           2   day 
%           3   month 
%           4   total revenue 
%           5   year 
%           6   continuous day 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% new       1   VESID 
%           2   year 
%           3   month 
%           4   day 
%           5   continuous day 
%           6   ntow 
%           7   fish_area 
%           8   veslngth 
%           9   tow-1 area  
%           10  choice 1 or 0 
%           11  total experience 1 or 0 (per individual vessel) 
%           12  total experience count (per individual vessel) 
%           13  distance from area-1 
%           14  expected fleet-based revenue based on t-lag days 
%           15  # of times anybody fished in t-lag days 
%           16  # of vessels per area in t-lag days 
%           17  # of days at least one person fished in that area within 
%               t-lag days 
%           18  BLANK (ZEROS) 
%           19  expected individual-based revenue, based on 14 above and 
%               updating with individual per-tow revenue 
%           20  ntow==1 dummy  
%           21  trip experience 1 or 0 (per individual vessel) 
%           22  previous (t-1) choice experience 1 or 0 (per individual 
%               vessel) 
%           23  same trip variable for calculating 21 above 
%           24  ntow and ntow-1 areas are neighbors 1 or 0 
%           25  standard deviation on 19 
%           26  # of tows included in the variance (T) on 19 
%           27  vessel groups (based on vessel length) 
%           28  vesid1 (vesid replaced by 1,2,3,...) 
%           29  departport 
%           30  no fleet revenue in a lag dummy  
%           31  expected fleet based revenue per area including average revenue in 
%               neighboring areas when revenue for the area does not exist  
%           32  # of times anybody fished in the neighboring areas in the 
%               lag 
%           33  average fleet based revenue last year +/-lag days 
%           34  # of times anybody fished last year in +/-lag days 
%           35  no fleet revenue in the last year +/-lag dummy 
%           36  average fleet based revenue last year +/-lag days including 
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%               average revenue in neighboring areas when area revenue was 0 
%           37  # of times anybody fished in the neighboring areas in last 
%               year +/-lag days 
%           38  standard deviation on 14 
%           39  # of tows included in the variance (T) on 14 
%           40  long term standard deviation on 33 
%           41  # of tows included in the long term variance (T) on 33 
%           42  no observed distance dummy 
%           43  average revenue for all previous tows (per area) until t  
%           44  # of times area was previously visited per vessel until t 
%           45  < average revenue dummy 
%           46  >= average revenue dummy 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
% WARNING: Number of total columns here must match the number of variables  
% in new that will come out as an output from this code 
% Zeros are created as more space is needed for new variables 
new(:,30:46) = zeros(); 
 
disp('Generating expected fleet-based revenue based on t-lag days (not weighted (14) and 
weighted (18)') 
[ld,cd]=size(new); %get new array size 
[lr,cr]=size(revenues); %get revenues array size 
 
revenue_temp = 0; 
weighted_temp = 0; 
count_temp = 0; 
 
for i=1:ld          % new loop 
    for j=1:lr      % revenue loop 
        % match and calculate 
        % DOES NOT COMPARE NTOW, ONLY AREA AND LAG DATES 
        if new(i,7) == revenues(j,1) && new(i,5) < (revenues(j,6)+ revenue_lag) && new(i,5) 
> revenues(j,6) 
            revenue_temp = revenue_temp + revenues(j,4); 
            count_temp = count_temp + 1; 
            weighted_temp = weighted_temp + (revenues(j,4)/(new(i,5)-revenues(j,6))); 
        end 
    end 
    % assign expected revenue to its place in new 
    if count_temp ~= 0; 
    new(i,14) = revenue_temp/count_temp; 
    new(i,15) = count_temp; 
    new(i,18) = weighted_temp/count_temp; 
    end 
         
 
    % reset temp variables 
    revenue_temp = 0; 
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    count_temp = 0; 
    weighted_temp = 0; 
end 
 
fix(clock)-g 
 
disp('Generating no fleet revenue in the lag dummy') 
[ld,cd]=size(new); %get new array size 
for i=1:ld 
    if new(i,14)==0 
        new(i,30)=1; 
    end 
end 
 
fix(clock)-g 
 
% NEIGHBOR VERSION 
% expected revenue per area including average revenue in neighboring areas 
% when revenue for the area does not exist 
 
neighbor_matrix = csvread('neighbor_matrix36.csv'); 
 
[ld,cd]=size(new); %get new array size 
[lr,cr]=size(revenues); %get revenues array size 
 
revenue_temp = 0; 
count_temp = 0; 
 
for i=1:ld          % new loop 
    for j=1:lr      % revenue loop 
        % match and calculate 
        % DOES NOT COMPARE NTOW, ONLY AREA AND LAG DATES 
        if new(i,14) == 0 && neighbor_matrix(new(i,7),revenues(j,1)) == 1 && new(i,5) < 
(revenues(j,6)+ revenue_lag) && new(i,5) > revenues(j,6) 
            revenue_temp = revenue_temp + revenues(j,4); 
            count_temp = count_temp + 1; 
        end 
    end 
    % assign expected revenue to its place in new 
    if count_temp ~= 0; 
    new(i,31) = revenue_temp/count_temp; 
    new(i,32) = count_temp; 
    else 
    new(i,31)=new(i,14); 
    end 
         
    % reset temp variables 
    revenue_temp = 0; 
    count_temp = 0; 
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end 
%} 
 
disp('Generating expected fleet-based revenue based on the last year +/-lag days') 
%This is the long-term expected revenue 
[ld,cd]=size(new); %get new array size 
[lr,cr]=size(revenues); %get revenues array size 
 
revenue_temp = 0; 
count_temp = 0; 
 
for i=1:ld          % new loop 
    for j=1:lr      % revenue loop 
        % match and calculate 
        % DOES NOT COMPARE NTOW, ONLY AREA AND LAG DATES 
        if new(i,7) == revenues(j,1) && new(i,5) < (revenues(j,6)+ revenue_lag + 365) && 
new(i,5) > (revenues(j,6) - revenue_lag + 365) 
            revenue_temp = revenue_temp + revenues(j,4); 
            count_temp = count_temp + 1; 
        end 
    end 
    % assign expected revenue to its place in new 
    if count_temp ~= 0; 
    new(i,33) = revenue_temp/count_temp; 
    new(i,34) = count_temp; 
    end 
         
    % reset temp variables 
    revenue_temp = 0; 
    count_temp = 0; 
end 
 
disp('Generating no fleet revenue in the last year +/-lag dummy') 
[ld,cd]=size(new); %get new array size 
for i=1:ld 
    if new(i,33)==0 
        new(i,35)=1; 
    end 
end 
 
fix(clock)-g 
 
% NEIGHBOR VERSION 
% expected revenue per area including average revenue in neighboring areas 
% when revenue for the area does not exist 
[ld,cd]=size(new); %get new array size 
[lr,cr]=size(revenues); %get revenues array size 
 
revenue_temp = 0; 
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count_temp = 0; 
 
for i=1:ld          % new loop 
    for j=1:lr      % revenue loop 
        % match and calculate 
        % DOES NOT COMPARE NTOW, ONLY AREA AND LAG DATES 
        if new(i,33) == 0 && neighbor_matrix(new(i,7),revenues(j,1)) == 1 && new(i,5) < 
(revenues(j,6)+ revenue_lag + 365) && new(i,5) > (revenues(j,6) - revenue_lag + 365) 
            revenue_temp = revenue_temp + revenues(j,4); 
            count_temp = count_temp + 1; 
        end 
    end 
    % assign expected revenue to its place in new 
    if count_temp ~= 0; 
    new(i,36) = revenue_temp/count_temp; 
    new(i,37) = count_temp; 
    else 
    new(i,36)=new(i,33); 
    end 
         
    % reset temp variables 
    revenue_temp = 0; 
    count_temp = 0; 
end 
%} 
 
disp('Looking for the number of ALL boats within a specified lag and area...') 
boat_lag = input('Enter boat time lag (integer): '); 
boats = csvread('boats.txt'); 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
% boats     1   boat count 
%           2   continuous day 
%           3   fish area 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
[ld,cd]=size(new); %get new array size 
[lr,cr]=size(boats); %get revenues array size 
boat_temp = 0; 
count_temp = 0; 
 
for i=1:ld          % new loop 
    for j=1:lr      % boat loop 
        %match and calculate 
        if new(i,7) == boats(j,3) && new(i,5) <= (boats(j,2)+ boat_lag) && new(i,5) > 
boats(j,2) 
            boat_temp = boat_temp + boats(j,1); 
            count_temp = count_temp + 1; 
        end 
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    end 
    % assign expected revenue to its place in new 
    if count_temp ~= 0; 
    new(i,16) = boat_temp; 
    new(i,17) = count_temp; 
    end 
         
    % reset temp variables 
    boat_temp = 0; 
    count_temp = 0; 
end 
 
disp('Generating noa+1xnoa+1 distance matrix') 
 
% Distance txt files are equally named queries of distance tables  
% that were created in logp_areas.mxd using point distance tool. The 
% tables and queries can be found in choice_model.mdb 
 
dist_matrix = csvread('crosstab_loc36Toloc.txt'); 
dist_index = csvread('ID_36areas.txt'); 
dist_city = csvread('dist_NewpTo36Areas.txt'); 
 
% remove first index column from the distance matrix 
new_dist_matrix = dist_matrix(:,2:noa+1); 
% add distances to city column to the end of new_dist_matrix 
new_dist_matrix = horzcat(new_dist_matrix, dist_city); 
% prepare distances to city column and add it as a row to the end of 
% new_dist_matrix 
dist_city(noa+1,1) = 0; 
thisisgettingsilly = transpose(dist_city); 
new_dist_matrix = vertcat(new_dist_matrix, thisisgettingsilly); 
 
% add city reference to distances index 
dist_index(noa+1,1)=noa+1; 
dist_index(noa+1,2)=37; 
 
 
% new blank matrix for correctly referenced distances to real fish_areas 
area_distances = zeros(noa+1,noa+1); 
 
[ld,cd]=size(new_dist_matrix); %get new_dist_matrix array size 
 
 
% generate the distance matrix loops 
% loops go to ld cause there are ld indexed areas in dist_index 
for i=1:ld 
    for j=1:ld 
       % get the correct fish_area index from dist_index 
       x = dist_index(i,2); 
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       y = dist_index(j,2); 
       area_distances(x,y) = new_dist_matrix(i,j);  
    end 
end 
 
% add distances from tow area to tow area-1 to new 
disp('Matching distances to new...') 
 
[ld,cd]=size(new); %get new array size 
 
for i=1:ld 
    if new(i,9)==38 
        new(i,13)=-1; 
        % no observed distance dummy 
        new(i,42)=1; 
    else 
        new(i,13) = area_distances(new(i,7),new(i,9)); 
    end 
end 
 
% generating more previous experience vars 
% will take a while - size^2  
 
disp('Generating more previous experience vars...') 
neighbor_matrix = csvread('neighbor_matrix36.csv'); 
[ld,cd]=size(new); %get new array size 
 
% generating same trip variable for the trip experience calculation below 
count = 0; 
 
for i=2:ld 
     
    % trip experience setup 
    if new(i,6)>new(i-1,6) 
        new(i,23)= count; 
    elseif new(i,6)==new(i-1,6) && new(i,7)>1 
        new(i,23)= count; 
    else 
        count = count + 1; 
        new(i,23)= count; 
    end 
end 
for i=1:ld 
    % previouse choice experience 1 or 0 
    if new(i,7)==new(i,9) 
        new(i,22)=1;  
    end 
    % ntow and ntow-1 areas are neighbors 1 or 0 
    if new(i,9)<=noa && neighbor_matrix(new(i,7),new(i,9)) == 1 
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        new(i,24)=1; 
    end 
    % ntow==1 dummy 
    if new(i,6)==1 
        new(i,20)=1; 
    end 
     
end 
 
for i=1:ld 
    for j=1:ld 
        % trip experience 
        if new(i,6)~=1 && new(i,1)==new(j,1) && new(i,7)==new(j,7) && 
new(i,23)==new(j,23) && new(i,6)>new(j,6) && new(j,10)==1 
            new(i,21)=1; 
        end 
    end 
end 
%} 
 
disp('Generating short-term individual expected revenue (updated & weighted)...') 
indiv_rev = csvread('realydone_indiv.csv'); 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%%% 
% indiv_rev 1   vesid 
%           2   day 
%           3   month 
%           4   individual revenue 
%           5   year 
%           6   continuous day 
%           7   ntow 
%           8   fish_area 
%           9   same trip variable  
% Note: MUST BE SORTED BY vesid, cont_day, and ntow 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
 
[ld,cd]=size(new); %get new array size 
[lr,cr]=size(indiv_rev); %get individual revenue size 
 
% trip counter for indiv_rev to match with new 
count = 0; 
for i=2:lr 
    if indiv_rev(i,7)>indiv_rev(i-1,7) 
        indiv_rev(i,9)= count; 
    else 
        count = count + 1; 
        indiv_rev(i,9)= count; 
    end 
end 
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flag = 0; 
trip_flag = 0; 
 
for i=1:ld          % new loop 
     for j=1:lr      % revenue loop 
        if new(i,6)==1 
            new(i,19)=new(i,18); 
        elseif new(i,9)==38 
            new(i,19)=new(i,18); 
        elseif new(i,1)==indiv_rev(j,1) && new(i,7)==indiv_rev(j,8) && (new(i,6)-
1)==indiv_rev(j,7) && new(i,23)==indiv_rev(j,9) 
            new(i,19)=((new(i-noa,19)+indiv_rev(j,4))*0.5); 
            flag=1; 
        elseif flag == 0 
                new(i,19)=new(i-noa,19); 
        end  % if statement 
     
     end % for inidiv_rev 
    flag=0; 
    trip_flag=0; 
end % for new 
 
disp('Generating variance on new[19]...') 
[ld,cd]=size(new); %get new array size 
[lr,cr]=size(revenues); %get fleet revenue size 
 
v = 0; 
count_temp = 0; 
 
for i=1:ld          % new loop 
    for j=1:lr      % fleet revenue loop 
        % area, continuous day 
        if new(i,7) == revenues(j,1) && new(i,5) < (revenues(j,6)+ revenue_lag) && new(i,5) 
> revenues(j,6) && revenues(j,4)>0 
        v = v + (revenues(j,4)-new(i,19))^2; 
        count_temp = count_temp + 1; 
        end 
    end % fleet revenue loop 
       if count_temp>1 
    new(i,25) = sqrt(v/(count_temp-1)); 
    new(i,26) = count_temp; 
    end 
    % reset calculation variables 
    v = 0; 
    count_temp = 0; 
end % new loop 
 
disp('Generating variance on new[14]...') 
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[ld,cd]=size(new); %get new array size 
[lr,cr]=size(revenues); %get fleet revenue size 
 
v = 0; 
count_temp = 0; 
for i=1:ld          % new loop 
    for j=1:lr      % fleet revenue loop 
        % area, continuous day 
        if new(i,7) == revenues(j,1) && new(i,5) < (revenues(j,6)+ revenue_lag) && new(i,5) 
> revenues(j,6) && revenues(j,4)>0 
        v = v + (revenues(j,4)-new(i,14))^2; 
        count_temp = count_temp + 1; 
        end 
    end % fleet revenue loop 
        if count_temp>1 
    new(i,38) = sqrt(v/(count_temp-1)); 
    new(i,39) = count_temp; 
    end 
        % reset calculation variables 
    v = 0; 
    count_temp = 0; 
end % new loop 
 
 
 
disp('Generating long term variance on new[33]...') 
[ld,cd]=size(new); %get new array size 
[lr,cr]=size(revenues); %get fleet revenue size 
v = 0; 
count_temp = 0; 
 
for i=1:ld          % new loop 
    for j=1:lr      % fleet revenue loop 
        % area, continuous day 
        if new(i,7) == revenues(j,1) && new(i,5) < (revenues(j,6)+ revenue_lag + 365) && 
new(i,5) > (revenues(j,6) - revenue_lag + 365) && revenues(j,4)>0 
        v = v + (revenues(j,4)-new(i,33))^2; 
        count_temp = count_temp + 1; 
        end 
    end % fleet revenue loop 
        if count_temp>1 
    new(i,40) = sqrt(v/(count_temp-1)); 
    new(i,41) = count_temp; 
    end 
     
    % reset calculation variables 
    v = 0; 
    count_temp = 0; 
end % new loop 
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disp('Creating vessel size groups...') 
for i=1:ld; 
    if new(i,8)<70, new(i,27)=0; %smaller vessel size 
    else new(i,27)=1; %larger vessel size 
    end 
end 
 
disp('Creating vesid1...') 
rdvesid=unique(new(:,1)); 
[rld,rcd]=size(rdvesid); 
 
for i=1:ld, 
    for j=1:rld, 
        if new(i,1)==rdvesid(j,1), 
            new(i,28)=j; 
        end 
    end 
end 
 
disp('Generating more previous experience dummies...') 
% new(45) and (46) to be used with inverted new(11) 
[ld,cd]=size(new); %get new array size 
[lr,cr]=size(indiv_rev); %get revenues array size 
revenue_temp = 0; 
count_temp = 0; 
 
% generate average from indiv_rev until current day in new 
for i=1:ld          % new loop 
    for j=1:lr      % revenue loop 
        % match and calculate for experience dummy=1, area, vesid, 
        % >=cont_day, >ntow 
        if new(i,11)==1 && new(i,7) == indiv_rev(j,8) && new(i,1) == indiv_rev(j,1) && 
new(i,5) >= indiv_rev(j,6) && new(i,6) > indiv_rev(j,7) 
            revenue_temp = revenue_temp + indiv_rev(j,4); 
            count_temp = count_temp + 1; 
        end 
    end 
    % assign expected revenue to its place in new 
    if count_temp ~= 0; 
    new(i,43) = revenue_temp/count_temp; 
    new(i,44) = count_temp; 
    end 
         
    % reset temp variables 
    revenue_temp = 0; 
    count_temp = 0; 
end 
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for i=noa+1:ld          % loop through new starting at noa+1 
    if new(i,11)==1 
        if new(i,1)==new(i-noa,1) % vesid must be the same 
            if new(i,7)==new(i-noa,7) %area must be the same 
                if new(i,43) >= new(i-noa, 43)  
                    % better or equal to average 
                    new(i,46)=1; 
                else  
                    % worse than average 
                    new(i,45)=1; 
                end 
            end 
        end 
    end 
end 
 
csvwrite('more_choice_model.csv', new); 
min_new = min(new(:,5)); 
disp('First date was:') 
disp(min_new) 
g=fix(clock) %end time marker 
 
 
NOTE: Code 3 constructs a number of additional variables, which were not used discussed in 
Chapter VI Section Model Variables. Some of these variables were discarded because they 
lacked variability or were determined to be inappropriate. Others were discarded after the 
estimation either because they complicated the model without providing a much better fit, or 
because they were too closely tied with the expected revenue and were thus deemed to be 
redundant (see also footnote 28, p. 50). 
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Code 4 

% BV | 9/24/06 
% This code is a continuation of more_choice_model.m 
% Variable 30 is created. 
% INPUT:  
% 1) more_choice_model.csv, an output file from more_choice_model.m. 
% 2) avg_distance.csv 
% 2 is a query exported from 
% D:\D_analysis_Fall06\allData_wWA&CA\allData_wWA&CA.mdb 
%  
% OUTPUT:  
% final_more_choice_model.csv 
 
clear 
clc 
g=fix(clock) %start time marker 
 
disp('Generating distances for area 38') 
new = csvread('more_choice_model.csv'); 
distance = csvread('avg_distance.txt'); 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%% 
% distance  1   vesid 
%           2   fish_area 
%           3   average tow distance per vessel and area 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
% 
 
[ld,cd]=size(new); %get new array size 
[lr,cr]=size(distance); %get revenues array size 
 
for i=1:ld          % new loop 
    for j=1:lr 
        % distance=-1 and vesid=vesid and fish_area=fish_area 
        if new(i,13)==-1 && new(i,1)==distance(j,1) && new(i,7)==distance(j,2) 
            new(i,13)=distance(j,3); 
        end 
    end 
end 
 
fix(clock)-g 
 
csvwrite('final_more_choice_model.csv', new); 
 
g=fix(clock) %end time marker 
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Code 5 

% BV | 10/12/06 
% This code is a continuation of more_choice_model.m 
% Variable 19 is created. 
% INPUT:  
% 1) more_choice_model.csv 
% 2) avg_wierev.csv 
% 2 is a query exported from 
% D:\D_analysis_Fall06\allData_wWA&CA\allData_wWA&CA.mdb 
%  
% OUTPUT:  
% final_more_choice_model1.csv 
 
clear 
clc 
g=fix(clock) %start time marker 
 
disp('Generating wierev for zeros') 
new = csvread('more_choice_model.csv'); 
wierev = csvread('avg_wierev.txt'); 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%% 
% wierev    1   vesid 
%           2   fish_area 
%           3   average lag wierev per vessel and area 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
% 
 
[ld,cd]=size(new); %get new array size 
[lr,cr]=size(wierev); %get revenues array size 
 
for i=1:ld          % new loop 
    for j=1:lr 
        % wierev=0 and vesid=vesid and fish_area=fish_area 
        if new(i,19)==0 && new(i,1)==wierev(j,1) && new(i,7)==wierev(j,2) 
            new(i,19)=wierev(j,3); 
        end 
    end 
end 
 
fix(clock)-g 
 
csvwrite('final_more_choice_model1.csv', new); 
 
g=fix(clock) %end time marker 
 



 
 

139

Code 6 

% BV | 10/17/2006 
% This code creates data sets with one randomly chosen tow for each 
% individual/trip combination 
% Input consists of 4 queries from Copy of allData_wWA&CA.mdb 
% Output consists of 50 randomly sampled data sets 
variables1 = csvread('WNRCA_lag30_forRandom_variables1.txt'); 
variables2a = csvread('WNRCA_lag30_forRandom_variables2a.txt'); 
variables2b = csvread('WNRCA_lag30_forRandom_variables2b.txt'); 
variables4 = csvread('WNRCA_lag30_forRandom_variables4.txt'); 
 
%{ 
INPUT 
variables1  1   vesid 
            2   ntow 
            3   tripid 
            4   choice  
            5   texpdum  
            6   texpfreq  
            7   vess_lag   
variables2a 1   wierev_lag  
            2   nferev_lag   
variables2b 1   istd_lag  
variables4  1   distance 
            2   distnot0 
            3   iexp_trip 
            4   neighbors 
            5   vesid1 
%} 
variables1(:,8:9) = variables2a(:,1:2); 
variables1(:,10) = variables2b(:,1); 
variables1(:,11:15) = variables4(:,1:5); 
 
% number of fish areas 
noa=15; 
 
[ld,cd]=size(variables1); %get new array size 
 
last_trip_count = variables1(ld,3); 
 
random_nums = zeros(609,60); 
 
% creating a dataset of all trips per individual 
disp('Creating a dataset of all trips per individual...') 
 
count_temp = 1; 
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for i=1:ld-1  
    if variables1(i,3)~=variables1(i+1,3) 
        random_nums(count_temp,1:4) = variables1(i,1:4); 
        random_nums(count_temp,5) = variables1(i,3); 
        count_temp=count_temp+1; 
    end 
end 
 
% get the last trip - missed by the loop above 
random_nums(count_temp,1:4) = variables1(ld,1:4); 
random_nums(count_temp,5) = variables1(ld,3); 
 
% Pulling out all individual tow numbers per trip 
disp('Pulling out all individual tow numbers per trip...') 
 
[lr,cr]=size(random_nums); 
 
column_count=0; 
start_column=8; 
 
for j=1:lr 
    for i=1:ld 
        if random_nums(j,5) == variables1(i,3) && variables1(i,4)==1 
            random_nums(j,column_count+start_column)=variables1(i,2); 
            column_count=column_count+1; 
        end 
    end 
    random_nums(j,7)=column_count; 
    column_count=0; 
end 
 
disp('Generating random numbers and creating datasets...') 
% initial iteration number 
iteration = 1; 
num_iterations = 50; 
 
tracking = sprintf('Iteration %d', iteration); 
disp(tracking); 
 
for iteration_loop=1:num_iterations    % iteration loop 
 
    % clean previous iteration of random numbers  
    random_nums(:,6)=zeros(); 
 
    % choose new set of random tows 
    [w,d]=size(variables1); 
    [x,cr]=size(random_nums); 
 
     for j=1:x 
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       random_nums(j,6) = round(rand()*(random_nums(j,7)-1)+1); 
     end 
 
    % make room for the final dataset 
    final = zeros(458*noa,d); 
     
    counter1 = 1; 
 
    % pull randomly chosen tows from data to final using rands as a reference 
    for i=1:w 
            for j=1:x 
                % vesid, sametrip, ntow 
                if variables1(i,1) == random_nums(j,1) && variables1(i,3) == random_nums(j,5) 
&& variables1(i,2) == random_nums(j,random_nums(j,6)+start_column-1) 
                    final(counter1,:) = variables1(i,:); 
                    counter1=counter1+1; 
                end 
            end 
    end 
 
    output=sprintf('WNRCA_lag30_random%d.csv', iteration); 
    csvwrite(output, final); 
 
    iteration = iteration + 1; 
end % iteration for loop 
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Appendix VIII. Some Additional Models  

The goal of this appendix is to provide results from a number of models that 

were estimated during the course of this dissertation research but at the time did not 

seem to be appropriate to be used in the policy application. They are presented here in 

hope that they provide valuable lessons to other researchers either in terms of what to 

avoid or in terms of what to explore in more depth.  

The appendix is divided into four sections. The first section includes the 

standard multinomial logit results using the same variables and the same data set as in 

the main document (Table A1) and the results from testing the Independence from 

Irrelevant Alternatives (IIA) assumption (Table A2). 

The second section includes results from three nested logit models, also using 

the same variables and the same data set as in the main document. In the first nested 

logit, nests were defined based on the areas’ depth (Table A3), in the second they were 

defined based on the areas’ north – south orientation (Table A4), and in the third 

nested logit, nests were defined based on both the areas’ depth and north-south 

orientation (Table A5). 

Sections three and four include six additional Heteroscedastic Extreme Value 

(HEV) models, on the same data set as in the main document but including other 

variables in addition to the five “main” variables. Each of the four HEV models in the 

third section (Tables A6 – A9) includes a different time dummy variable, which 

interacts with 14 out of the 15 fishing areas (one area is omitted for identification).64 

The two HEV models in the fourth section include a trip experience dummy (Table 

A10) or number of other vessels in the area during the 30-day period prior to the day 

of tow t (Table A11).65 

 

 

                                                 
64 Each time dummy variable equals one if tow t occurred during a particular period (contained in the 
dummy variable’s name), and zero otherwise. 
65 The trip experience dummy equals one if an area has been visited during the trip and up to tow t, and 
zero otherwise. 
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Section 1. Standard Multinomial Logit and the IIA Assumption 

Table A1. Standard Multinomial Logit 

 Coeff. Est. Std. Err. t-statistic P-value 

Model Variable 

LNEREV 0.153 0.031 5.027 0.000
NEREVDUM -1.559 0.132 -11.840 0.000
DIST10KM  -0.462 0.013 -34.434 0.000
EXPFREQ 0.012 0.001 16.986 0.000
LNSTD 0.243 0.045 5.370 0.000
Goodness of Fit 

Number of observations 33,465 (2,231 tows x 15 areas) 

Log likelihood function ( ˆ( )LL β ) -4,886.79 
Likelihood Ratio Index 
(1- ˆ( )LL β / (0)LL ) 0.1910 
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Table A2. Testing IIA Assumption66 

Area Omitted 

Depth Orientation 

2 (5 )dfχ  P-value 

Deep NN 195.384 0.000 
Deep N 26.610 0.000 
Deep C 36.918 0.000 
Deep S 13.732 0.017 
Deep SS 10.547 0.061 

Medium NN 14.954 0.011 
Medium N 18.432 0.002 
Medium C 15.458 0.009 
Medium S 15.422 0.009 
Medium SS 8.102 0.151 
Shallow NN 13.490 0.019 
Shallow N 29.347 0.000 
Shallow C 63.083 0.000 
Shallow S 64.418 0.000 
Shallow SS 39.761 0.000 

 

                                                 
66 The IIA Assumption is tested using a specification test proposed by Hausman and McFadden (1984). 
The test involves re-estimating the standard multinomial logit with an alternative (fishing area) omitted. 
A chi-square statistic is calculated and if its associated p-value is less than 0.05, we can be 95% 
confident that the IIA assumption has been violated (i.e. that omitting the alternative changed the ratios 
of probabilities for the remaining areas). The test is performed as many times as there are fishing areas 
in the model (15), each time omitting one of the areas. 
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Section 2. Nested Logit Models 

Table A3. Nested Logit with Nests Specified Based on Areas’ Depth 

 Coeff. Est. Std. Err. t-statistic P-value 

Model Variable 

LNEREV 0.124 0.028 4.477 0.000
NEREVDUM -1.430 0.120 -11.905 0.000
DIST10KM  -0.385 0.16 -23.669 0.000
EXPFREQ 0.012 0.001 16.674 0.000
LNSTD 0.228 0.037 6.264 0.000

Nests I.V. Est.67  

DEEP 1.517 0.087 17.528 0.000
MEDIUM 1.457 0.088 16.606 0.000
SHALLOW 1.390 0.080 17.342 0.000
Goodness of Fit 

Number of observations 33,465 (2,231 tows x 15 areas) 

Log likelihood function ( ˆ( )LL β ) -4,859.90 
Restricted log likelihood ( (0)LL ) -6,041.66 
Chi-squared 2,363.53 P-value 0.0000 
Likelihood Ratio Index 
(1- ˆ( )LL β / (0)LL ) 0.1954 

 

                                                 
67 Inclusive value parameters (I.V. Est.) measure the degree of independence in unobserved utility 
among the alternatives in a nest. If the inclusive value parameter is between zero and one, the model is 
consistent with utility maximization for all possible values of the explanatory variables. Furthermore, 
the greater the value the larger the degree of independence among the alternatives in the nest. Values 
greater than one indicate that the model is consistent with utility maximization behavior for some range 
of the explanatory variables, but not all, while values less than zero indicate inconsistency of the model 
with utility maximization (Train 2003). 
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Table A4. Nested Logit with Nests Specified Based on Areas’ 
North – South Orientation 

 Coeff. Est. Std. Err. t-statistic P-value 

Model Variable 

LNEREV 0.151 0.032 4.741 0.000
NEREVDUM -1.622 0.137 -11.808 0.000
DIST10KM  -0.470 0.019 -24.349 0.000
EXPFREQ 0.014 0.001 15.273 0.000
LNSTD 0.254 0.047 5.443 0.000

Nests I.V. Est.  

NN 1.028 0.060 17.240 0.000
N 0.975 0.054 18.026 0.000
C 0.905 0.054 16.840 0.000
S 0.808 0.051 15.856 0.000
SS 0.921 0.061 15.126 0.000
Goodness of Fit 

Number of observations 33,465 (2,231 tows x 15 areas) 

Log likelihood function ( ˆ( )LL β ) -4,864.75 
Restricted log likelihood ( (0)LL ) -6,041.66 
Chi-squared 2,353.83 P-value 0.0000 
Likelihood Ratio Index 
(1- ˆ( )LL β / (0)LL ) 0.1945 
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Table A5. Nested Logit with Nests Specified Based on Areas’ 
Depth and North – South Orientation 

 Coeff. Est. Std. Err. t-statistic P-value 

Model Variable 

LNEREV 0.092 0.027 3.381 0.000
NEREVDUM -1.204 0.104 -11.551 0.000
DIST10KM  -0.426 0.022 -19.085 0.000
EXPFREQ 0.009 0.001 15.254 0.000
LNSTD -0.069 0.022 -3.177 0.00

Nests 

Depth Orientation 
I.V. Est.  

DEEP NN & N 0.795 0.065 12.198 0.000
DEEP C & S 0.712 0.063 11.288 0.000
DEEP SS 0.936 0.061 15.358 0.000
MEDIUM & 
SHALLOW NN & N 2.126 0.133 15.958 0.000
MEDIUM C & S 0.977 0.082 11.913 0.000
MEDIUM SS 1.140 0.085 13.430 0.000
SHALLOW C & S 1.921 0.132 14.603 0.000
SHALLOW SS 1.270 0.083 15.332 0.000
Goodness of Fit 

Number of observations 33,465 (2,231 tows x 15 areas) 

Log likelihood function ( ˆ( )LL β ) -4,739.28 
Restricted log likelihood ( (0)LL ) -6,496.87 
Chi-squared 3,515.18 P-value 0.0000 
Likelihood Ratio Index 
(1- ˆ( )LL β / (0)LL ) 0.2702 
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Section 3. HEV Models with Time Dummy Variables 

Table A6. HEV Model with 01/01/1999 – 04/30/1999 Dummy 

 Coeff. Est. Std. Err. t-statistic P-value 

Model Variable 

LNEREV 0.078 0.032 2.408 0.016
NEREVDUM -1.023 0.079 -12.984 0.000
DIST10KM  -0.459 0.016 -28.093 0.000
EXPFREQ 0.013 0.001 14.609 0.000
LNSTD 0.026 0.054 0.470 0.638
Dummy Variable – Fishing Areas Interaction 

DEEP_NN -0.429 0.324 -1.322 0.186
DEEP_N -0.588 0.316 -1.858 0.063
DEEP_C -0.545 0.317 -1.718 0.086
DEEP_S -0.350 0.292 -1.200 0.230
DEEP_SS -0.195 0.322 -0.606 0.545
MEDIUM_NN 0.043 0.267 0.159 0.873
MEDIUM_N -0.071 0.265 -0.268 0.789
MEDIUM_C -0.409 0.285 -1.438 0.151
MEDIUM_S -0.397 0.296 -1.342 0.180
MEDIUM_SS -0.094 0.291 -0.323 0.747
SHALLOW_NN -0.230 0.301 -0.762 0.446
SHALLOW_N -0.315 0.250 -1.260 0.208
SHALLOW_C -0.003 0.233 -0.014 0.989
SHALLOW_S -0.662 0.225 -2.941 0.003

Standard Deviation of iε : 6i is θ π=  

DeepNNs  1.707 0.093 18.319 0.000
DeepNs  1.300 0.067 19.306 0.000
DeepCs  1.288 0.073 17.631 0.000
DeepSs  1.620 0.085 19.033 0.000
DeepSSs  1.323 0.071 18.584 0.000
MediumNNs  1.258 0.067 18.660 0.000
MediumNs  1.744 0.094 18.611 0.000
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Table A6. Continued. 

MediumCs  1.466 0.077 19.072 0.000

MediumSs  1.081 0.051 21.241 0.000
MediumSSs  1.619 0.079 20.479 0.000
ShallowNNs  1.297 0.064 20.311 0.000
ShallowNs  1.177 0.067 17.557 0.000
ShallowCs  1.585 0.083 19.056 0.000
ShallowSs  1.411 0.071 19.913 0.000
ShallowSSs  Fixed Parameter 

Goodness of Fit 

Number of observations 33,465 (2,231 tows x 15 areas) 

Log likelihood function ( ˆ( )LL β ) -4,891.80 
Restricted log likelihood ( (0)LL ) -6,041.66 
Chi-squared 2,299.71 P-value 0.0000 
Likelihood Ratio Index 
(1- ˆ( )LL β / (0)LL ) 0.1895 
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Table A7. HEV Model with 10/01/1999 – 04/31/2000 Dummy 

 Coeff. Est. Std. Err. t-statistic P-value 

Model Variable 

LNEREV 0.070 0.031 2.284 0.022
NEREVDUM -1.007 0.077 -13.089 0.000
DIST10KM  -0.431 0.017 -25.382 0.000
EXPFREQ 0.011 0.001 14.565 0.000
LNSTD 0.017 0.051 0.343 0.732
Dummy Variable – Fishing Areas Interaction 

DEEP_NN 0.754 0.207 3.649 0.000
DEEP_N 0.185 0.277 0.667 0.505
DEEP_C 0.127 0.294 0.433 0.665
DEEP_S 0.500 0.268 1.868 0.062
DEEP_SS 0.529 0.291 1.816 0.069
MEDIUM_NN -0.302 0.312 -0.969 0.333
MEDIUM_N -0.092 0.280 -0.328 0.743
MEDIUM_C 0.292 0.259 1.129 0.259
MEDIUM_S 0.033 0.280 0.117 0.907
MEDIUM_SS 0.040 0.282 0.142 0.887
SHALLOW_NN 0.252 0.318 0.794 0.427
SHALLOW_N 0.266 0.235 1.132 0.258
SHALLOW_C 0.626 0.225 2.786 0.005
SHALLOW_S 0.397 0.216 1.840 0.066

Standard Deviation of iε : 6i is θ π=  

DeepNNs  1.524 0.082 18.673 0.000
DeepNs  1.498 0.079 18.946 0.000
DeepCs  1.628 0.086 18.920 0.000
DeepSs  1.487 0.071 20.861 0.000
DeepSSs  1.471 0.080 18.470 0.000
MediumNNs  1.327 0.072 18.416 0.000
MediumNs  1.317 0.072 18.235 0.000
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Table A7. Continued. 

MediumCs  1.367 0.073 18.756 0.000
MediumSs  1.234 0.065 18.885 0.000
MediumSSs  1.375 0.063 21.749 0.000
ShallowNNs  1.218 0.070 17.273 0.000
ShallowNs  1.198 0.064 18.655 0.000
ShallowCs  1.011 0.051 19.723 0.000
ShallowSs  1.048 0.054 19.285 0.000
ShallowSSs  Fixed Parameter 

Goodness of Fit 

Number of observations 33,465 (2,231 tows x 15 areas) 

Log likelihood function ( ˆ( )LL β ) -4,886.56 
Restricted log likelihood ( (0)LL ) -6,041.66 
Chi-squared 2,310.15 P-value 0.0000 
Likelihood Ratio Index 
(1- ˆ( )LL β / (0)LL ) 0.1903 
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Table A8. HEV Model with 10/01/2000 – 04/30/2001 Dummy 

 Coeff. Est. Std. Err. t-statistic P-value 

Model Variable 

LNEREV 0.079 0.033 2.416 0.016
NEREVDUM -1.092 0.104 -10.475 0.000
DIST10KM  -0.467 0.021 -22.187 0.000
EXPFREQ 0.012 0.001 14.624 0.000
LNSTD 0.012 0.055 0.211 0.833
Dummy Variable – Fishing Areas Interaction 

DEEP_NN -0.440 0.264 -1.665 0.096
DEEP_N -0.570 0.282 -2.025 0.043
DEEP_C -0.057 0.252 -0.228 0.820
DEEP_S -0.549 0.289 -1.902 0.057
DEEP_SS -0.100 0.284 -0.353 0.724
MEDIUM_NN -0.874 0.306 -2.852 0.004
MEDIUM_N -0.642 0.275 -2.330 0.020
MEDIUM_C -0.137 0.234 -0.588 0.556
MEDIUM_S -0.282 0.265 -1.065 0.287
MEDIUM_SS -0.607 0.309 -1.966 0.049
SHALLOW_NN -0.305 0.315 -0.968 0.333
SHALLOW_N -0.650 0.271 -2.399 0.016
SHALLOW_C -0.849 0.286 -2.967 0.003
SHALLOW_S -0.107 0.229 -0.468 0.640

Standard Deviation of iε : 6i is θ π=  

DeepNNs  1.731 0.111 15.553 0.000
DeepNs  1.632 0.097 16.827 0.000
DeepCs  1.679 0.098 17.184 0.000
DeepSs  1.657 0.092 17.960 0.000
DeepSSs  1.567 0.094 16.685 0.000
MediumNNs  1.433 0.087 16.547 0.000
MediumNs  1.405 0.084 16.646 0.000
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Table A8. Continued. 

MediumCs  1.426 0.084 17.011 0.000
MediumSs  1.278 0.074 17.381 0.000
MediumSSs  1.484 0.079 18.691 0.000
ShallowNNs  1.293 0.079 16.443 0.000
ShallowNs  1.333 0.088 15.143 0.000
ShallowCs  1.205 0.067 17.896 0.000
ShallowSs  1.096 0.064 17.249 0.000
ShallowSSs  Fixed Parameter 

Goodness of Fit 

Number of observations 33,465 (2,231 tows x 15 areas) 

Log likelihood function ( ˆ( )LL β ) -4,886.77 
Restricted log likelihood ( (0)LL ) -6,041.66 
Chi-squared 2,309.79 P-value 0.0000 
Likelihood Ratio Index 
(1- ˆ( )LL β / (0)LL ) 0.1903 
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Table A9. HEV Model with 10/01/2001 – 04/30/2002 Dummy 

 Coeff. Est. Std. Err. t-statistic P-value 

Model Variable 

LNEREV 0.068 0.030 2.275 0.023
NEREVDUM -0.967 0.076 -12.702 0.000
DIST10KM  -0.424 0.016 -27.054 0.000
EXPFREQ 0.011 0.001 14.881 0.000
LNSTD 0.063 0.049 1.297 0.195
Dummy Variable – Fishing Areas Interaction 

DEEP_NN 0.477 0.366 1.304 0.192
DEEP_N 1.191 0.337 3.530 0.000
DEEP_C 0.647 0.370 1.749 0.080
DEEP_S 0.444 0.370 1.201 0.230
DEEP_SS 0.774 0.378 2.047 0.041
MEDIUM_NN 1.331 0.310 4.298 0.000
MEDIUM_N 1.355 0.316 4.282 0.000
MEDIUM_C 0.733 0.341 2.148 0.032
MEDIUM_S 0.872 0.343 2.541 0.011
MEDIUM_SS 0.629 0.379 1.658 0.097
SHALLOW_NN 1.176 0.326 3.607 0.000
SHALLOW_N 1.485 0.299 4.970 0.000
SHALLOW_C 0.481 0.336 1.433 0.152
SHALLOW_S 0.438 0.333 1.316 0.188

Standard Deviation of iε : 6i is θ π=  

DeepNNs  1.607 0.088 18.243 0.000
DeepNs  1.404 0.072 19.593 0.000
DeepCs  1.598 0.084 19.060 0.000
DeepSs  1.512 0.072 21.082 0.000
DeepSSs  1.477 0.080 18.492 0.000
MediumNNs  1.169 0.066 17.779 0.000
MediumNs  1.176 0.064 18.316 0.000
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Table A9. Continued. 

MediumCs  1.360 0.072 19.024 0.000
MediumSs  1.190 0.061 19.431 0.000
MediumSSs  1.345 0.059 22.929 0.000
ShallowNNs  1.162 0.077 15.148 0.000
ShallowNs  1.073 0.052 20.698 0.000
ShallowCs  1.102 0.053 20.714 0.000
ShallowSs  1.118 0.059 18.798 0.000
ShallowSSs  Fixed Parameter 

Goodness of Fit 

Number of observations 33,465 (2,231 tows x 15 areas) 

Log likelihood function ( ˆ( )LL β ) -4,862.08 
Restricted log likelihood ( (0)LL ) -6,041.66 
Chi-squared 2,359.17 P-value 0.0000 
Likelihood Ratio Index 
(1- ˆ( )LL β / (0)LL ) 0.1944 
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Section 4. HEV Models with Additional Variables 

Table A10. HEV Model with Trip Experience Dummy (TRIPDUM) 

 Coeff. Est. Std. Err. t-statistic P-value 

Model Variable 

LNEREV 0.054 0.032 1.700 0.089
NEREVDUM -0.871 0.085 -10.258 0.000
DIST10KM  -0.344 0.016 -21.330 0.000
EXPFREQ 0.010 0.001 13.566 0.000
LNSTD 0.024 0.053 0.462 0.644
TRIPDUM 0.942 0.065 143463 0.000

Standard Deviation of iε : 6i is θ π=  

DeepNNs  1.621 0.086 18.957 0.000
DeepNs  1.494 0.074 20.128 0.000
DeepCs  1.585 0.082 19.440 0.000
DeepSs  1.483 0.072 20.660 0.000
DeepSSs  1.507 0.076 19.732 0.000
MediumNNs  1.308 0.067 19.590 0.000
MediumNs  1.322 0.067 19.597 0.000
MediumCs  1.400 0.069 20.264 0.000
MediumSs  1.237 0.059 21.077 0.000
MediumSSs  1.369 0.061 22.475 0.000
ShallowNNs  1.255 0.070 17.920 0.000
ShallowNs  1.211 0.060 20.181 0.000
ShallowCs  1.126 0.051 21.970 0.000
ShallowSs  1.117 0.058 19.126 0.000
ShallowSSs  Fixed Parameter 

Goodness of Fit 

Number of observations 33,465 (2,231 tows x 15 areas) 

Log likelihood function ( ˆ( )LL β ) -4,772.79 
Restricted log likelihood ( (0)LL ) -6,041.66 
Chi-squared 2,537.74 P-value 0.0000 
Likelihood Ratio Index 
(1- ˆ( )LL β / (0)LL ) 0.2095 
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Table A11. HEV Model with Number of Vessels in the Lag Variable (VESSLAG) 

 Coeff. Est. Std. Err. t-statistic P-value 

Model Variable 

LNEREV 0.028 0.030 0.947 0.344
NEREVDUM -0.848 0.076 -11.171 0.000
DIST10KM  -0.411 0.015 -28.167 0.000
EXPFREQ 0.011 0.001 15.241 0.000
LNSTD 0.061 0.049 1.241 0.215
VESSLAG 0.021 0.002 10.844 0.000

Standard Deviation of iε : 6i is θ π=  

DeepNNs  1.509 0.078 19.304 0.000
DeepNs  1.456 0.068 21.278 0.000
DeepCs  1.567 0.074 21.194 0.000
DeepSs  1.491 0.065 22.936 0.000
DeepSSs  1.464 0.073 20.139 0.000
MediumNNs  1.227 0.060 20.395 0.000
MediumNs  1.230 0.060 20.408 0.000
MediumCs  1.270 0.062 20.533 0.000
MediumSs  1.201 0.054 22.289 0.000
MediumSSs  1.338 0.055 24.257 0.000
ShallowNNs  1.249 0.067 18.730 0.000
ShallowNs  1.058 0.050 21.099 0.000
ShallowCs  1.097 0.048 22.784 0.000
ShallowSs  1.036 0.051 20.376 0.000
ShallowSSs  Fixed Parameter 

Goodness of Fit 

Number of observations 33,465 (2,231 tows x 15 areas) 

Log likelihood function ( ˆ( )LL β ) -4,848.78 
Restricted log likelihood ( (0)LL ) -6,041.66 
Chi-squared 2,385.76 P-value 0.0000 
Likelihood Ratio Index 
(1- ˆ( )LL β / (0)LL ) 0.1969 

 


