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Policy analysis ohommarketgoods requireaccurateknowledge about the
behavior of economic agents. This dissertation explores several facets of behavior models
in recreational angling for three New England groundfish species.

Stated preference methods are used frequenthlyolwnarketapplicationdbecause
dataarescarce, but survey design can affect the results of behavior models via changes in
respondentsO cotimé processedviethodologicabiases due to task complexity,
measured by survey length, number of alternatives, and the degree of information overlap
are observeth discrete choice experiment questionnagieasdenced by differences in
estimated model pameters and error variances. Additionally, ignoring task complexity
increases mean marginal willingndsspay estimates. Information processing and
decision heuristics should be considered in survey design and accounted for in estimated

models.



Empirical specifications for utility models of recreational angling are also
exploredbecause&umerous variantare employedh analyzing stated preference data.
Inclusion of responses from different survey subpopulations affect estimated utility
function parametsrand mean marginal willingnesspay valuesULtility models that are
nonlinear in catch are as statistically robust as their linear countdspsatfow for
diminishing marginal utilityin fish, which is more consistent with recreational angling
behavor. Failure to account for sources of heterogeneity such as angler avidity, species
familiarity, and demographic informati@ifectbehavioral interpretations considerably.

Recreational fisheries are commonly managed using bag (creel) and minimum
size regtictions. Many surveys include regulations as attributes in choice experiments,
but models of angler behavior should not contain regulatory variables exfimithyse
they rarely factor into angler participation decisions directly. Because catch ismando
regulations affect angler decisions indirectly by changing the underlying distributions for
keep and release. A framework for understanding the effect of regulations on angler
behavior given the stochastic nature of catch is devel&leattrun and log-run fishery

implications are evaluated usiagdioeconomic simulation.
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Chapter 1: DissertationOverview and Background

Introduction

Understanding the behavior of economic agents and having accurate estimates of
demand are important elements in constructing natural resource policy. These issues are
more difficult to address in the contextradmmarketgoods because behavior is often
undbservable and researchers must resort to using stated preference approaches for
analysis. The three analytical chapters in this dissertation explore survey design and
model construction in natural resource and environmental economics.

The firstanalyticalchapter examines thmpact of task complexity on survey
responses ishoice experimern(CE) surveys which are also known as discrete choice
experiment (DCE), discrete choice analysis (DCA), stated choice (SC), and choice based
conjoint (CBC) surveysl'hemethod is flexible and suitable for many applications where
existingdataareeither inadequate or nonexistent; howettegre areconcerns regarding
the effect ofsurveydesign elements on outcomes. Sophisticateethefshelf
commercial packages enalgleonomists to genera@Es easily, but arbitrarily choosing a
survey administration designay result in biafrom unwantedcognitive responses, with
broader implications for policy analysis. Questionnaire design affects a respondentOs
perception of taskomplexity and can result in adverse behaviors that violate standard
axioms of consumer behavior (completeness, reflexivity, transitivity, continuity, and
monotonicity), thereby affecting quantitative outcomes via changes in estimated model
parameters andariance dispersio.hough some sources of task complexity were
investigated in other studi¢ddamowicz, Louviere, & Swait, 199&rentze, Borgers,

Timmermans, & DelMistro, 2003; Bradley & Daly, 1994; Brazell & Louviere, 1998;



Carlsson & Martinsson, 2002008;Chung, Boyer, & Han, 2011; DeShazo & Fetmo
2002, 2004Hensher, 20062006k Hensher, Stopher, & Louviere, 20Qbhnson &
Orme, 1996Kits, Adamowicz, & Swait, 2009; Maddala, Phillips, & Johnson, 2003;
Malhotra, 1982; Ryan & Bates, 2001; RyarS&n Miguel, 2000; S¥lensminde, 1998;
Stopher & Hensher, 2000yery fewexamine multiple complexity types in a single
nommarketmail applicationQuestionnaire length, number of alternativisgree of
information overlapand overall task complexigffeds on model parameters and
valuation estimateare examinedbr the New Englandecreationagroundishery.

The secondnalyticalchapterattempts to recover preferences for attribofes
recreational angling behavior using stated preference data. The framework for estimating
recreational fishing demand has changed over the gadmeany theoretical and
empirical specificationare currently in uséifferent opinions exist about thedlusion
of regulatory attributes (Aas, Haider, & Hug0Q Dorow, Beardmore, Haider, &
Arlinghaus, 2010; Hicks, 2002; Oh & Ditton, 2004; Oh, Ditton, Gentner, & Reichers
2005 Paulrud & Laitila, 2004Roehl, Dtton, Holland, & Perdue, 1993)nd angler
heterogneity(Breffle & Morey, 2000; Johnston, Arlinghaus, & Dieckmann, 2010;
Provencher & Bishop, 2004) econometric models, and nesfeticks, 2002; Kaoru,
1995; Milon, 1988; Morey, Waldman, Assane, & Shaw, 19@53us nomestedOh et
al., 2005)modds. Such diversity is problematic when direct comparisons of results are
requireddue to differences in assumptions and estimation technigjnesffect of
model specification on estimated parameters and willingtogisay (WTB are explored.

The thirdaralytical chapter constructs a framework torderstandingesponses

to changes in recreational fishery polidyanagement analyses using stated preference



choice data oftergnore the stochastic natureaatching fish. Furthethe impact ofish
size digributions on angler behavior is not well known, even among revealed preference
studies Economic outcomes under different regulatory scenarios are evalisatge
simulation driven by preferences derived from the CE survey. The simulation
incorporates iological factors, generating realistic assessmigaiisalignmore closely
with ecosystenbased management goals.

The remainder of thishapterdescribes the application and surdaja

Fishery Overview

Groundfishing in New England hagen in practicéor over 400 years and
continues to define communities such as Gloucester and New Bedford, Massachusetts
economically and socially. Though the North Atlantic Ocean was once abundant with
cod, haddock, pollock, redfish, floundeasid other bottoradwelling fish, advances in
technology, the development of new markets, and failure of the management system to
adequately control fishing effort have depleted the resotltadheast Fisheries Science
Center, 2004 Thirteen of the nineteen groundfish stocks sssén 2007show such
diminished numbers th#te biomass will remain permanently reduced despite any
rebuilding efforts Northeast Fisheries Science Center, 2D08gurel shows the status
of the groundfish stocksased on the ratio @07harvest (ko7 and biomass (Bo7)
levelsto the harvest and biomass levels that produce the maximum sustainable yield
(Fmsy, Busy). The maximum sustainable yielfl1SY) is the highest level of harvest that
can be taken from a sgiesO stock without affecting the populationOs ability to reproduce.
Theoretically species that are harvested at or below MSY will maintain the same

population levels indefinitely, barring any environmental disasters.
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Figure 1. Status of 19 groundfish stocks in 2007 with respectte Bnd Bysy or their
proxiesfrom theGARMIII review (Northeast Fisheries Science Center, 208

Prior to the 1920s, cod was the primary species of interest forcarostercial
and recreational flermen in the North AtlanticThe species was widely abundant
between the Northeast shores of the(b@&th of New Jerseygnd the banks of
Newfoundland, and the flaky white flesh of this fish stood up well to the preservation
methods of the time, mostlyydng and curing the product with salt. Taeeragesize of
the speciesvas much larger in the past (currently ranges from 11 to 26 pounds), which
made it an economical fish to harvest using baited lines and schooners. The fishery was
so well known that may popular authors includgnRudyard Kiplingwrote stories based
on the lives of these fishermen.

Haddock did not become popular until the Industrial Revolution becatise of
smallsize (three to five poundas averageand difficulty in preserving thedkh using

the methods available at the time. Stgqaowered trawlers and technological advances in



cold storage made fresh fillet distribution possible and the product became extremely
popular as a lighter substitute for cod as evidenced by its statusiynpiaaes as the
staple ngredient in the popular dish Ofish ahips.O
Atlantic pollockis traditionallypopular only among certain ethnicities and poorer
populations due to the strong flavor and a gvayny appearance when cooké&the
appearance andttiness of the fish make it most suitable for use in stews and chowders.
Though it is considered a delicacyNiorthernEuropean countriepollockis generally a
weak substitute for cod in American markets; however, rapid declines in cod and
haddock stdks have increased pollock fishing in recent years and it is often caught as
bycatch in the bottom trawls and gillnets of commercial fishermen targeting the other two
speciesCommercially Atlantic pollock comprises less than 2% of all pollock landed in
the US and is mainly used in the manufacturing ¢f &scks and fillet sandwiches.
Recreational mglers in New England on party boats, head boats, and charter boats
targetthese speciamore than anglers in other modeecause the fispreferdeep, cold
water. This sector of the recreational fishery is considered a Omeat fisheryO because the
anglers keep their catch to supplement their supper tablesaneluctant to discard any
fish. The annual recreational harves$these specids estimated to be b&een 7% and
13% of commercial landindsgased on landings values reportedrisheries of the United
States 2008National Marine Fisheries Service, 2010hd appears to be the most
popular recreational angling target, with haddock a close seSontkanglers consider
pollock a nuisance fish that interferes with thability to catch cod or haddockut
others enjoy the flavor and fishing experienteough all three species respond to the

same baitpollock fishing is more flexible as these fish d@ncaught with still or trolling



lines whereas cod and haddock respamadtlyto still lines, a limiting factor on some
for-hire trips Pollock isalsomore accessible to neahnore anglers thahe other species

Rapidly advancing harvesting technologyateady consumer demand have
continued to deplete stocks at an unsustainable rate. Codestlyconsidered
overfished overall with overfishing still oceing in the Georges Bank stqgand
regulations willprobablybecome stricter in the coming yegparticularly for
recreational fishermefseeTablel for current management levelgjaddock was
recently elevated to not overfished with no overfishingllockis overfished.

Tablel. 2010Regulationdy Speciesand State

Species State Minimum Size Daily Bag Limit Fishing Season
Cod GOM RMA 240 10/angler Apr 1BD0ct 31
Federal 220 10/angler Year Round
CT 220 10/angler Year Round
MA, SpringCCZ N/A No Keep May 18Jun 30
MA, Winter CCZ N/A No Keep Dec 1bJan 31
MA, N of Cape Cod 240 10/angler Apr 1BOct 31
MA, S & E of Cape Cod 220 2/angler or 75lbs./boa Nov 1BMar 31
220 10/angler Year Round
ME 240 10/angler Apr 16 BOct 31
N/A No Keep Nov 1DBApr 15
NH 240 10/angler Apr 1BD0ct 31
NJ 210 None Year Round
NY 220 10/angler Year Round
RI 220 10/angler Year Round
Haddock Federal 180 None Year Round
CT 190 None Year Round
MA 180 None Year Round
ME 180 None Year Round
NH 180 None Year Round
NJ 210 None Year Round
NY 180 None Year Round
RI 190 None Year Round
Polock Federal 190 None Year Round
CT 190 None Year Round
MA None None Year Round
ME 190 6/angler/day under 19  Year Round
NH None None Year Round
NJ 190 None Year Round
NY 190 None Year Round
RI 190 None Year Round

) C:)GOM’RMAC') denotes the Gulf of Maine Restricted Management Area (Federal).
#0CCZO denotes the Cod Conservation Zone.



New management amendments and recent policy proposals have caused a great
deal of concern among recreational angéerg fishing communitiesecause current
policies are already considered fairly restrictivanyfishermenallege that evere
reductions in quota, changes to size and bag limits, and shorter fishing seasons for the
recreational sectdead to significantossedor anglers Additionally, fishing
communitieghatrely onangling related expenditures such as bait, tackle, and chartered
fishing tripsworry that more stringent regulations have broader implications through
impacts on local economies.

TheNortheast Fisheries Science Center (NEFSC) in the National Marine
Fisheries Service (NMFSitiatedthe survey research underlying this dissertaimon
evaluatehe economicconsequencesf altering current regulations. Though there is
interest all New England groundfish specms] and its substitutes are the primary
species of interest in this studyhe NMFS Office of Science and Technology provided
funding for the data collection

Survey Motivation

TheNMFS has collected data on recreational angling sir®c&via duatmode
complementary phone anderson interviewsince the passage of the Magnuson
Fishery Conservation and Management A& (USC oo 1801.882. Throughout the
year, lundreds of trained fieldtaff conduct several hundred thousand interviews at
various sites along the US coastline, Hawaii, and Puertof®iowing a complex
proportional randorstatistical sampling process stratifiedflshing mode, geographic
location,and time Anglers are intercepteat boat ramps, marindseaches, pierand

other fishing access poiris collect data about the species, length, weight, and number



of fish caught, and other anglgpecificfishing tripinformation.In 1994, this effdrwas
expanded to includeeriodic collection ofocial and economic information to support
characterization of recreational fisheries and fishermen for fisheries management.
Intercepted anglers are occasionally asked to voluntarily participate in fgtionail
surveysto obtain more detailed information regarding specific topics of management
interest.The data used in this dissertatwareobtained from one such mail survey.

Survey Administration

The mail survey was distributed using information codddrom theMarine
Fisheries Recreational Statistics Survey (MRF&Bhinistered by NMFS. From March
through December 2009, anglers intercepted at select fishing access sites from the coastal
Northeastear states between Maine and New Jersey were askexduotarily participate
in a follow-up mail survey. Recreational anglers intercepted in other states were not
included in the sample populatibecausehe primary species of management interest,
cod, does not typically inhabit waters south of New Jersey.

Sampling Strategy

The number of anglers included in the sample varied by month and state due to
seasonal fluctuations in recreational fishing activity, cultural attitudes towards
government surveys in certain states, and the NMFS intercept samplingystféteg
sample of intercepted anglers agreeing to the fellpvwmail survey was stratified into
two populations baseanh expected per tripxpenditure. SampleA contained individuals
perceived to have small average angling expenditures pewltrigh wereangles
intercepted in shore mod&nglers in Sample A were randomly assigned a version of the

Shore treatment onl\sampleB included all individualsvho were intercepted from



private or rental boanhode, head boat or party boat mode, and chartemhaoidd and
any anglershat reported having purchased at least one charter trip in the previous 12
months Sample B also includdthlf of the shore mode anglers from New York and New
JerseyThough sométlantic anglers switch fishing modes (Salz, Loomis, &
Steinback, 2001), anecdotal evidence suggests this behavior is most likely to occur in
wealthiercoastal statesiamely New York and New Jersey (personal communication, E.
Zlokovitz, October 15, 2008). Therefore, a random sample of shode anglerfrom
these two states was included in Samplamlersin Sample B were randomly assigned
aversion of thenon-Shoretreatments. See Chapter 2 for a more detailed explanation of
the respondent samples and survey treatments.

Mailing Schedule

The address da was compiled on a monthly basis resulting in the mail survey
being administered in a series of 10 wavd®e intercept interview process prevented the
surveys from being mailed immediately following intercept data collection, so addresses
were collecteaver the course of each month and surveys mailed out in batches at the
beginning of the following montfhe original survey administration plan was a
modified Dillman Tailored Design (Dillman, 2000). The entire administration process
was to take no mortaan a month so that respondents could easily recall the connection
between the mail survey and the intercept interview; however, some difficulties were
encountered during the mailing process that prevented strict adherence to this timeline in
all but onewave. Additionally, mailings scheduled to take place durin@@@®winter
holidays (Christmas and New YearOs Day) were purposely delayed to avoid being lost

amid holiday correspondencBable2 outlines the mailing schedule in détandTable3



liststhe actual mailing dates. The inconsistencies in the mailingisigheay have
affectedresponse ratebut the extent of this problem is unknown.

Table2. Original Mailing Schedule

Activity Scheduled Time
Precontact: Brochure At time of intercept interview
First Mailing 3 to 6 weeks after intercept interview
Postcard Reminder 2 weeks (14 days) after First Mailing
Second Mailing 4 weeks (28 days) after First Mailing

Table3. Actual Mailing Schedule

Intercept Month  First Mailing Postcard Second Mailing Explanation

March2009 5/17/09 5/27/09 6/16/09 Contractor Delay
April 2009 5/17/09 5/27/09 6/16/09 Contractor Delay
May 2009 7/9/09 7/17/09 9/02/09 Contractor Delay
June2009 8/14/09 8/21/09 10/07/09 Contractor Delay
July 2009 9/8/09 9/30/09 10/07/09 Contractor Delay
August2009 10/26/09 11/02/09 12/04/09 Contractor Delay
SeptembeP009 11/16/09 11/23/09 12/16/09 Contractor Delay
October2009 1/15/10 1/22/10 2/22/10 Held for Holidays
November2009 1/20/10 1/27/10 2/24/10 Held for Holidays
Decembef009 3/05/10 3/16/10 4/6/10 Contractor Delay

Survey Instrument

The survey instrument has five components: a species information page, screener
guestions, th€E questions, and some demographic questidhs species pageqvided
respondents with a picture of each of the species in the survey as well as some basic
information about the species and current management. Because of difficulties in
effectively prescreening candidate respondents, it was necessary to include questions
that assessed a respondentOs familigitityand avidity for the species in the survéie
demographic questions followed standard US Census groupings for iregene,
ethnicity, and educatiofhe instrument and cover letters were designed based on
recommendations and critique from members oNNE=-S Office of Science and
Technology at NMF$leadquarters, staff at NMFS Science Centers, various state
representatives, participaritem focus groups held in New Hampshire and

Massachusetts, and Dr. Rebecca Hamilton, Associate Professor of Marketing from the
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Robert H. Smith School of Business at GM.Sample pages from the survey instrument
and the precontact brochure can be found in Appeéli

CE Alternatives

Every CE in all versions of the survey contained two or three alternatives plus an
optout (ODo something other than saltwater fishing@) number of alternatives
included in the CElepended on the treatment grqape Chapter 2 for further
explanation)An optout alternative was included in each CE based on strong suggestions
from the literature (Banzhaf, Johnson, & Mathews, 2001; Ba&&debuviere, 1991,
Freeman, 1991; Huber & Pinnell, 1994; Louviere, Hensher, & Swait, 2000; Olsen &
Swait, 1997). Neglecting to provide respondents with aroaptill limit the
researcherOs information on preferences as the respondents can only piovitke a
conditional on choosing one of the alternatives present. Such forced choices are not
reflective of most choice situations that individuals face and the researcher is unable to
discern whether the individual would in fact choose any of the avadétblmatives. Opt
out alternatives give insight on participation and total demand, which are important for
policy analysis.

CE Attributes

The attributes included in tHeE were bag and size limits for each species, the
number of legabized fish, the number of illegalzed fish, the number of fish of the
other species that could be legally kept, the trip length, and the trip cost. Separate
categories for legadized versusglegal-sized fish were included tlow respondents to

infer the currenbiological status of the stocks and the OcatchabilityO spéieées on
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any particular trip and to assdishermenOs preferences for trigh many discards

versus trips with fe& discards.

Attribute levels were assigned includehistorical and potential futunealues

The regulation levels chosen reflect management scenarios used in the past, and some

potential future alternatives. The minimum size limits alscount fothe biological

parameters of each specxaus¢he average species size made some lengths

unreasonable. For example, haddock larger than 260 are rare, so a 260 minimum size is

not realistic.The priceand trip lengthvectorsin the surveywere constructedsingan

informal Internetand phone survey of nearly 100 party and charter boat companies from

Maine to New Jersegonductedndependentlyoy the authorTrip packages were

evaluated for amenities, the number of individuals included in the price, andntien

of hours at sea to arrive at a representative range of trip costs péndtayproximated

aobservedotal trip costs for onéay trips($30D$1,080). Feedbak from focus group

participants andhterviewswith fishermen at various dockgrified the suitability of the

chosen pricand trip lengthvectors Table4 summarizesheattribute levels used in the

survey.

Table4. Attributes and_evels Usedh Choice Experiments

Attribute Level
Bag limits 2,4,8,10
Size limits:
Cod 184 204 224 234 244 260
Haddock 124 16Q 179 199 219 220
Pollock 174 199 209 214 230, 260
Number of legal sized fish 1,3,6,10
Number of undersized fish 1,3,6
Number of other fish 1, 3,6, 10
Trip length(hours) 2,4,6, 8,10, 12
Trip cost shore mode onlg/trip) $15, $35, $60, $90, $120, $1*

Trip cost, all other modes:
Hourly trip cost ($/hr.)

$15, $35, $60, $90

Total trip cost ($/trip=$/hr. x # hrs. $30-$1080
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Experimental Design

Theexperimental design was constructed to optimize the statistical stability of the
model results based on the maximum sample size allowed by the contract budget for the
projectand contractor printing specificatiarAl of the surveys were printed on sheets
110x170 paper folded in half, so the number of choice experiment questions asked in
each survey needed to be in increments of fDe.initial mailing sample size had to be
reduced because thember of survey versiorand the structure of the survey
instrumentgpackage weightlequiredto testthe differentaskcomplexity treatments
(see Chapter 2hcreased admistration costs significantly

Additionally, response rates for the sample were difficult to estinfiaeeNMFS
had not previously survegleanglers about the three fish species in this sursegu
stated preference methods, aad feconomic studies had been conducted in the
NortheastMoreover, the results athereconomic studiesevealed statspecific
idiosyncrasies in response type aagponse rate$he number of anglers agreeing to
follow-up economic mail surveys from the intercept interviews ranged from 7% to 32%
of the total MRFSS intercept sample in each state.

Consultations with experts familiar with the recreational fishery suggested that
approximately 30% of the total saltwater angling population in the Northeast targets at
least one of three groundfish speci®aen that mail surveys usually have a 50%
respmse rate, the original estimated response rate for this survey wasf 1#38mail
survey sampleThe expected number of completed surveys after factoring in estimated
levels of cooperatiofrom MRFSSfor each state waapproximagly 500. Candidate

designgequiring sample sizes greater than the conservative estimate were eliminated

13



from the list of possibilitiesThe experimental desigunsed in the survey were generated
using SAS 9.2 Kuhfeld Macros ahdd the highest relative-Efficiency scoreg¢! 73)of

all candidate desigmaeeting the sample size requiremgste AppendiB for further
explanation of experimental desgyandefficiency scores).

Survey Responses

Response Rates

From March through December of 2009, 22,740 anglers were intercepted in the
studyOs geographic arei¢h 5,667agreeingo participate irthe follow-up survey but
only 4,579surveys were mailedue to contractor errof.he response rate for the mail
survey was 37%, which was much higher than originally anticipated. The resptinse
relative to theéotal number of intercepted anglevas 7.5%Tables5 through7 give
detailed breakdowns of the return rates by month, geogriaaiton, and modelhe
total number of surveys mailed and receiiredable5 will not match the total number
mailed and received subsequentblesbecause thmtercept data for two of the
respondents were OlostO during the sutactotOs data cleaning process.

Table5. Responsé&katesby Monthand Status

Completed
Intercept Non- ) after Total Completion

Month # Mailed  Deliverable Refused 1*'Mailing  Completed Rate
March 57 3 0 14 19 33%
April 316 21 18 65 94 30%
May 612 37 31 155 229 37%
June 722 47 30 132 221 31%
July 803 40 33 106 249 31%
August 806 57 33 173 256 32%
September 629 33 22 147 222 35%
October 382 25 31 89 134 35%
November 219 30 22 32 62 28%
December 33 3 3 2 7 21%
Total 4,579 296 223 915 1,493 33%

~Non-deliverable responses are surveys mailed to invalid addresses.
® Refusals are respondents that returned blank surveys or called stating that they were not participating in
the survey.
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Table6. Respons®ateshy Stateand Residency

Resident Non-resident Total Completion

Intercept State Mailed Completed Completed Completed Rate
Connecticut 34 10 3 13 38%
Maine 265 67 58 125 47%
Massachusetts 1238 272 168 440 36%
New Hampshire 536 124 66 190 35%
New Jersey 1421 310 124 434 31%
New York 725 157 7 164 23%
Rhode Island 358 48 77 125 35%
Total 4,577 988 503 1491 33%

Table7. Respondents by Fishing Mode

Fishing Mode No. Respondents % Sample

Shore 288 19.4%
Head boat 515 34.5%
Charter boat 96 6.4%
Private/Rental boa 592 39.7%

Over 93% of the responses came from the anglers intercepted by MRFSS; other
household members filled out the remaining survEgdicipation rates have storically
varied across statelsie to cultural attitudes angecies availabilityresulting in uneven
geographic representatidbtates where the survey species did not comprise a large
portion of available fish tended to have lower response rates than the states where the fish
were much more prevalent. Most of th@nresidents in the survey came from the same
states included in the intercept sampling. Only 2% of the completed surveys were from
residents of the West Csteor Midwest regions of the United Statasd 9% came from
the South and Midtlantic statesouh of New Jersey

Respondent Characteristics

Demographic information for the respondents is listeGable8. The majority of
the respondentre Caucasian maleand 45 years or oldefhis sample had a higher
incidence of persons 6&ars old or older than in US Census estimates for the 2009
population (12.9%)The respondents in this survasealso better educated with higher

income levels compared to the US median income of $52,029 and 24.4% with a
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bachelorOs degree or hig{ié® Census Bureau, 20L0rhesurvey sampleOs
socioeconomic propertiese consistent witbtherstudies of recreational anglers.

Table8. Responderibemographics

Variable Percentage
Age of respondent
18-24 years old 3%
25-44 years old 24%
45-64 years old 56%
65 years old or older 16%
Refused/no answer 1%
Gender of respondent
Male 94%
Female 5%
Refused/no answer 1%
Educational attainment
Some high school 4%
High school graduate or GED completion 25%
Some college 19%
2-year degree or trade school graduate 14%
4-year degree 20%
Some graduate school 4%
MasterOs degree 8%
Doctorate degree 5%
Refused/no answer 1%
Ethnicbackground
Caucasian 91%
Black or AfricanAmerican 3%
Hispanic or Latino 2%
Asian or Pacific Islander 1%
American Indian or Other (specify) 1%
Refused/no answer 2%
Household income (USD before taxes)
Less than $20,000 4%
$20,00039,999 10%
$40,00059,999 16%
$60,00079,999 16%
$80,00099,999 14%
$100,000149,999 20%
$150,000199,999 8%
$200,000 and over 7%

Refused/no answer 5%




Chapter 2Complexity and Survey Design

Introduction

Resource values are often obtainable through stated preference or hypothetical
surveysonly because other nonmarket valuation metheaggure partial resource values
or are unsuitableConsideration of potential sources of bias is cruciahfaking
appropriate policy decisions. Despite many advancesimmarketvaluation techniques,
experimentally induced biases in valuation estimates may occur when evident variations
WTP estimates are due to characteristics of the applied research methuat and
systematically to attributes of the environmental googolicy in question (Johnston,
Ranson, Besedin, & Helr2006). In particularesearch has demonstrated the dependence
of preferences on the framing of choice tasks and complexity of decisiersKy,
1996) andthe implications ofCE questionnaire structure must be considered

Few nommarketstudies explicitly examine potential sources of methodological
bias in valuation from uisg a choicemodeling frameworkAdditionally, most studies
examineonly one or two sources of task complexity using a given applicdecause
every application has unique qualities that may produce exogenous behavioral variations,
combining results from different studiesderive conclusionsaboutthe relationship
between surveyesporsesandtask complexitynay not be advisable. Furthermore, the
structures of some surveys in the literature make it difficydrse out design effects
and conclusions about the presence or absence of behavioral anomalies are not
neassarilydefinitive (e.qg, the two treatments iKits et al, 2009 differ in both survey
length and number of alternativget conclude that the number of alternatives has no

significant effect orsurvey responsgs
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Given that the perceived valuear ewvironmental good is often Onebulous,
complex, and iliconsidered{BShapanskyAdamowicz, & Boxall 2002 p. 4, care must
be taken in constructing such studies to ensure that results accurately reflect participant
preferencesot decision heuristics badentaskdifficulty . Effective, welldesigned
surveys are especially critical mnmarketstudies considering that many target
populations necessitate the use of mail surveys, which suffer from a lack of respondent
monitoring, highprinting and mailing astscompared to other survey modes (Kaplowitz,
Hadlock, & Levine, 2004)high itemnonresponseates when compared to fateface
interviews (Nicholaas, Thomson, & Lynn, 2000) and telephone intervisvsdeuw &
van der Zouwen, 1988Jarris, Weinberge& Tierney, 199Y, and the researcherOs
inability to modify survey instruments or design during the administration process.

This chapter addresses the effect of diffef@atdesigns on modeling outcomes
and WTP estimates folormarketgoods, and the degreétradeoff associated with
particular survey design choices in mail surveys. Specifically, this study examines the
consequences of different forms of task complexity that can be easily changed within an
experimental design, namely the number of questimnsiber of alternatives p&E, and
degree of information overlap. By comparing response rates, response type, model
parameters, variances, and WTP estimates between all@mhbase survey and variants
of the base incorporatirgjfferenttypesof task complexityadjustments imespondent
behavior induced by differe@E structures can be measured.

Discrete Choice Experiments and Experimental Design

The CE method asks individuals to choose between several alternatives (or

profiles) depicting deompositions of the goods or policies in question. This exercise is
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usually repeated several times with different levels of each attribute. When specified
correctly,CEs simulateactual choice decisianallowingthe researcher to use ttigoice

selectionprobabilifesfor estimating taste parametefsgure2 depicts a samplEE.

Please compare Options A and B, then mark the option you like best.

Trip Attributes Option A Option B

NUMBER OF FIsH CAUGHT 10 15
S1ZE OF FisH CAUGHT 12 inch 9 inch
TRIP COST $20 $15

I like this trip best: TRIP A |:I TRIP B |:I

Figure 2. Example of a CE

The challenge in constructing a CE survey lies in finding an efficient
experimentatesign(see Appendix Bor further explanation of experimental designs)
that addresses the fundamental questions of the research project, caters to the resource
limitations of the study (e.g., budget or sample size), and reduces adverse respondent
behavios. Unlike data collected via other methods, the researcher using CEs has full
control over the selection of vectors in each choice set; that is, the researcher is free to
determine the number of levels (values) and range for each attribute selectedaso long
attribute levels adhere to study atijees and reality constraints.

Using preliminary preference models guidesthe researcher characterizes the
decision problenfior the responderity defining the amourdgnd typeof information
communicated via thattributes and alternatives presentedach choice seCEs with
many attributes and alternatives convey a lot of information, allowing the researcher to
address many pertinent questions, but may exceed a respondentOs cognitive capabilities
resulting in nonsensical or nanility -theoretic behaviord.ong surveysnay affect

response rates and result in respondent fatigue, but short surveys typically require more
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guestionnaire versions and tend to increase administration costs and the potential for
sampling issues (e.g., too few observations per survey version).

Task Complexity and Behavioral Outcomes

Though some studies have been conducted to test the statistical significance of
changes in a surveyOs experimental designtfeegeffect of different efficiency scores
or search algorithms on parameter estimathae)behavioral implications are much more
importantWhereas problems with statistical properties of a given design can be rectified
using appropriate corrections in the final estimation model through the use of probability
weights from the design matria eliminate design effects or increasing the sample size
(see for example Lusk & Norwood, 2005), it is difficult to correct for respondent
behavior. The source of the issue is rarely identifiable and may differ depending on the
application or even a partitar question within a survey.

Psychologists acknowledge that processing more than six pieces of information is
difficult (Miller, 1956) and CEs often approach the limits bdb® much information can
be successfully evaluated before respondents quit, gleezeor start to employ sub
optimalshotcut methods for making choid®@&rme, 1999)Respondents may ignore
certain attributes, consider alternatives only if select attributes lie within certain ranges,
reject alternatives on the basis of a single flelmoose the first satisfactory alternative
rather than the best alternative, or choose an alternative at random (Harris, 1998; Payne,
Bettman, Coupey, & Johnsoh992).Additionally, the respondent may not be consistent
in his strategyThe respondent mayot have welformed preference structurapriori
and may learn or adapt internal utilities to the survey while completing the survey. Or,

the respondenhay have an adaptive technique where different amounts of information
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are contemplatedepending orhe alternatives presented or the context of the question
(Payneet al, 1992).Though any combination @f priori preference structures,

behaviors, and outcomes is theoretically possible, certain preference structures and levels
of task complexity predmose respondents towards particular behaviors. Respondents

may feel more inclined to avoid decistamaking or use simplification strategies with

highly complex tasks, which may lead to anomalous responses and poorly estimated or
biased results.

Coping stréegies employed by individuals to deal with complex choice
environments are inconsequential to stated preference studies only if they do not induce
response biases and respondents continue to choose rationally; that is, respondentsO
preferences follow thaxioms for completeness, transitivity, monotonicity, and
continuity, andoutcomegemain consistent through the entire survey regardless of the
decsionmaking processes employéabserved behaviors that violate any of these
axioms invalidate the standaedonomic assumption of rational, utilitgaximizing
consumers that consider every attribute and alternative in each choiegusetd for
using CEsand may have serious consequences for any valuation estimates generated
using such datd&stimated modelgrameters may be confounded with design effects or
other variables, may lose explanatory power, or have significantly larger erroBems
Palma, Meyers& Papagemiou, 1994; Heiner, 1983). It is also possible that WTP
estimates are unaffected byange in estimated model parametdarswhich case task
complexity is unimportaniTable9 outlines respondent behavior and survey outcome

scenarios.
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Table9. Summary of Possible Respondent Behaviors and Outcomes

Behavioral Antecedents Initial Response Strategy

Secondary Response Strategy

Response Outcomes

Well-formedpreferencesvith Consider all attributes and
concrete values (external scale alternatives

Well-formed internal scale, Consider some attributes and all
anchor/adjust external values alternatives

using first (severalCEs Consider all attributes and some

Partially-formed preferences alternatives
(may have some general intern

Consider some attributes and some
scale)

alternatives
lIl-formedpreferencegno scale,
has some small idea of

preferences or is vaguely famili
with the suvey subject) Select best alternative

Consider alternatives only if
attributes fall in certain ranges

No preferences priori Select the first acceptable alternati

Select alternative based on additiol
information inferred from attribute
values or alternatives presented

Decide task too difficult, select first
alternative

Decidetask too difficult, select Oop!
outO alternative

Decide task too difficult, select
alternative at random

Consistent with initial response
strategy

Consistent with initial response
strategy, but become fatigued and
make errors

Preferences become maedfined
with task repetition

Learn how to perform task and

become more efficient (choices mo

closely reflect preference function)

Change decisiomaking strategy
based on fatigue

Change decisiomaking strategy
based on learning

Change decisiomaking stategy
based on context

Change decisiomaking strategy
based on exogenous factors

Change overall preferences

Change preferences regarding
specific attributes

Change preferences depending on
context

Random

Any combination of the above

Observed behavior:
Consistent responses

Inconsistent responses based on question ¢
Inconsistent responses based on context
Inconsistent responses, no clear pattern
Lexicographic preference structure

Some OirrationalO responses

All OirrationalO responses

Unreasonable propton of certain types of
responsegOstatus quoO/OoptO effect)

Other anomalies

Statistical ramifications:
Well-estimated utility function (no effect)

Confounded parameter estimates
Some parameters statistically insignificant
All parameterstatistically insignificant

Greater dispersion in estimated parameters
effect on WTP means or dispersion

Greater dispersion in estimated parameters
affects WTP means or dispersion

Shifts in estimated parameters, no effect on
WTP means or dispersion

Shifts in estimated parameters, affects WTP
means or dispersion
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DeShazo and Fermo (2004) found that increasing cognitive costs increased choice
inconsistency, and acknowledging the presence of rationally adaptive choice behaviors
resultel in significantly higher WTP estimates for all attributes, some by more than
100%. Hensher and Rose (2005) and Hensher, Rose, and Bertoia (2007) also found that
ignoring attribute processing strategies deflates the means and variances obtained for
Value d Time Travel Savings (VTTShowever, Hensher (2006@ported 1852%
inflation of mean VTTS from overlooking task complexity effects. Chung et al. (2011)
also found significant inflation in mean WTP when ignoring task compleKitgugh the
direction ofbiasis uncleaytask complexitydoesaffectestimated values.

Recognizing anomalous outcomes can be diffisattause¢he source of the issue
is rarely identifiable and highly dependent on the particular application and survey
design. Any assumptions aliaoot causes are not likely to be global, but it is necessary
to either account for OirrationalO behaViorsases where it is predominant or design
surveys to minimize these effects. Concerns about possible altered observed behaviors
due to changes ia respondentOs cognitive strategies have led to recommendations of
using shorter, more conci€f tasks (JedidiKohli, & De&arbo,1996 Malhotra, 1986);
however, following these recommendations usually requires the researcher to
compromise with either éhstatistical properties of the survey or the research questions
that can be addressed in the study. The benefits ofcauspromisesvill be evaluated in

thenomarketvaluation mail survey context.

! Some anomalous behaviors are utititgoretic. Individuals may exhibit lexicographic
or intransitive preferences that are entirely rational, or read additional information into
the attribute levels presented, such as the inference that-pigtex altenatives are of
higher quality; however, responses that do not exhibit trading between attributes (non
compensatory behavior) cannot be adequately measured using the CE method.
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Types of Task Complexity

Though there are many sources of task complexity, this study only addresses
few that are easily altered through changes irGBelesign.

Survey Length

Onedifficulty in designingCE surveys occurs wheselectingthe number oCEs
to ask each respondent,the length of the surve$ampling error is inversely related to
the square root of sample size and is minimized by increasing the number of responses
per respondent and the number of respondBeatducing sampling erras usually
accomplished by lengeningthe surveyinstrumentwhen sample size is a constraint
however, efficiency gains can only be realized if there amubsequent cognitive
reactiongGreen & Srinivasan, 1990)he tradeoff between statistiqadecisionand the
number of choice tasks per respondent is not mathematically straightfevivand
cognitive burden is taken into consideration

Survey Length Consideration: FatigEéfect

Respondents may experience task overload and be either unwilling or tanable
respond, resulting in inconsistent preferences over time. There are several different
theories regarding this matter. One school of thought believes that exposing respondents
to numerous sets of stimuli to evaluate incurgigieof a fatigue effeadr irrational
behaviors resultig from weariness (Alriksson &berg 2008) that exacerbate response
error and result in inconsistent model estimates (Greene, 2000). Behavioral psychology
hasshownthat the quality and accuracy of a subjectOs response d#¢srioward the
end of long experiment®png, 1983Melles, Holling, & Reiners, 1998Though early

economic studies found no preference inconsistencies based on the number of choice
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situationg(Bradley & Daly, 1994) more recent studies have shown talviduals do
exhibit erratic behaviors, such as choosing dominated options or selecting the least
preferred alternative (Ryan & Bates, 2001; Ryan & Saruglig2000). Maddala et al.
(2003) examined preferences for HIV testing methods using intercepigwtsrin
California.A fatigue effect, interpreted as statistically different parameter estimass,
notedwhen modeling the first six questions and the last six questions separately.
Weariness may also be expressed simply as an unwillingness to resSpoetkanalysis
by Johnson and Orme (1996) could not identify any parameter differences from surveys
of varying lengths but the authors didserve more frequent usage of @weitherO
alternative in later taskand individuals spent approximately 14%ddime on questions
where OneitherO was the preferred alternative, which may be interpreted as an alternate
symptom of survey fatigue.

Survey Length Consideration: LearniBgffect

Another school of thought ggests the presence of learneftpcts basedro
psychological literature asserting that respondents learn over the course of repeated trials
(Morrison, 2000). S¥%lensminde (1998) found inconsistent answ#s first CEs shown
to respondents armbstulated this phenomenon occurred because respoadents
inexperienced in answering the exercise and spend time learning tlas gtosed to
havingill -formed preferences. Carlsson and Martinsson (2001) also suggested the
presence of a learning effect. Responses were inconsistent among repeated questions
when the questions occurred early in the survey; however, empirical amnladysct
confirm the result. If learningffects exist, longer survey lengths are needed to

compensate for possible increased randomness in response.
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Survey Length ConsideratioNo Effect

Other studies insist that preferences are stable regarfilessey length.
Louviere (2003 argued Olt is widely believed that Omodeling® individuals requires
Osmallish designs,0 but in contrast to the equivalent of widely held Oacademic urban
mythsO in marketing and transport research, there is considerable evidence that humans
will OdoO dozens (even hundredsyBS[.O Several studies conclude that longer surveys
have negligible decreases in response ratesdifferences in estimated paetersand
error varianceare not statistically significanffentzeet al, 2003;Brazell & Louviere,
1998; Hensher et akR001;Stopher & Hensher, 20D0Carlsson and Martinsson (2008)
argueal that longer surveys are more efficient because the longest version of their survey
resulted in 65% more complet&ds than the shortest versidrowever, the study did
not use equal sample sizes, so this is theoretical and not actual gain. Additibeally, t
survey response rate for the longest version was 33% less than for the shortestseersion,
selection effects may be presearid calculations based on the published regression
results reveal 3 to 47% differencesmean marginadWW TP estimatedor different length
treatments. No clear direction of bias was detected

Number of Alternatives

The number of alternatives (or profiles) in a choice set may increase the difficulty
of the task and affect respondent behavior. Having more alternatives increases the
statistical efficiency of a design (Zwerina, Hub&iuhfeld, 2005 but increases the
amount of information a respondent must face simultaneously. Havingoptoras

increases the risk of choice overlaatt the possibility that respondents become
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paralyzed and unable to make decisions (Diehl & Poynor, 2007; Gourville & Soman,
2005; lyengar & Lepper, 200Mogilner, Rudnick, & lyengar, 2008

Malhotra (1982) found that increasing the number of choice profiles only affects
the dispersion of parameter estites when the number of attributes is high; however,
respondents reported higher degrees of information overload when forced to evaluate
more attributesArentzeet al (2003) tested two and three alternative choice sets for work
transport modes. They dibt find any increase in error variance or parameter estimates
with more alternatives, but dhution thatheir results could be due to transport mode
type dominance effectKits et al (2009) examine the demand for carbon offsets using
two different saveys. One version contained two alternatives and fift&es)whereas
the other had three alternatives and@&is. The coefficients for their complexity
measures were only weakly significant or insignificantthe authors conclude that
there is no stng evidence that increasing the number t&rahtives influences
decisions; howevethe analysis in this study is not robust becdabsauthordfail to
consider the unequal number of tasks between the two surveys. There may be implicit
behavioral tradeffs presentlyunaccounted for in the model.

Degree of Information Overlap

Another way of controlling the amount of information in e&@his with
information overlap, which occurs when several alternatives in the same choice set have
identical values focertain attributes. The chosen number of levels and value range for
each attribute most frequently influences the degree of information overlap. Researchers
using large numbers of levels and broad attribute ranges often construct experimental

designs usinghe principle ofminimal overlapbecauséhe greatest efficiency comes
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from comparing alternatives that differ across all attributes; however, the degree of
information overlap may affect a respondentOs perception of task complexity and
attributeprocessig strategyStudies of decision quality and information load have
shown that increases in the diversity of informapoesentedhave a detrimental effect
on decision quality (Chewning & Harrell, 1998¢lin, 1988)with lower mean accuracy
and highestandard deviations in responses (Hwang & Lin, 1999).

Mazzottaand Opaluch (1995) suggedthat individuals have difficulty making
choices when more than three attributes vary between alternainetbat individuals
simplify their decision heuristic agecisiors become more complex. Maddalaal
(2003) found that though the mean perceived difficulty score was statistically equivalent
between surveys with differing levels of information overlap, attritestel parameter
estimates and model fit wereaqual. Respondents in the group with higher degree of
information overlap had higher price sensitivity. Additionally, mean WTP estimates were
higherwith narrower confidence intervals for the survey with less information overlap.

Summary of Previous Findis

Theory and empirical evidence from other applications provide little guidance
regarding how much consideration should be given to task complexity when designing
CE surveysThe results obtherstudies are inconclusiver almost all forms ofask
compkxity. Because previouindings do not agree dheexistenceor thedirection of
bias from choice of CE desigpredictiongegarding the effect of task complexity on
survey responses are not possible based on current infornfdtisrstudyadds to the

guantitative knowledge on CE design available to survey researchers.
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Methods
The CE method is based on LancasterOs approach to consumer theory (1966,

1971) and random utility theory. The basic assumptions are that the utility of a good
consists of the uitly of the attributes characterizing the good and the researcher is only
able to observe a component of the consumerQOs utility function. Classically, the utility
function is assumed to be a lineasparameters function of product attributes and net
income

Vin =V (Mn, By Xin, in) = BXn +" (Mn Bpjn) + !jn, (2.1
whereVj, is the indirect utility of individuah for choosing alternativg M, is the
respondentOs annual household incopis, the price of alternativieshown to
individual n, X is a vector of attribute levels, and the taste parameters onptsO of
the individualOs utility function attributable to particular aspects of an environmental
good or policy are represented by the vegtahetherM, representsirespondentOs
annual household inconae individual income is immateriderebecausell choices are
based on the difference between price and incomd,,stvops out of the choice equation
becausét is constant across choices for an individédihough it is possible for the
marginal utility of income to vary across individuals, this model assumes that all
respondents have the same marginal utility of income because prices are relatively small
compared to income arnalcome effect are negligide. The random component error
term!j, may include characteristics of the alternative omitted by the researcher,
measurement errors, unobserved characteristics of the individual, or the choice context.

Individualn is assumed to choose alternafiviethe utility of that alternative exceeds the
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utility associated with any other alternative in the choice set S, which can be expressed as

a probability:

exp(!r) I"# !(Bx!" Ly =ty ))
Pr(!! e ) ! Do) ! Tirexp (M oy +1(C ! He)) 22)

Depending on the assumptions made about the distribution of the random component, the
parameter estimates can be derived from several different probabilistic choice models,
including probit models, multinomial logit (MNL) models, conditional logit (CL) models,
nested logit (NL) models, and mixed logit (MXL) models. Typically, MNL or CL model
specifications are used with the assumption that the error terms are independent and
identically distributed (i.i.d.) according to Gumbel’s distribution. The i.i.d. assumption
implies that all choice scenarios have independent irrelevant alternatives (IIA) and errors
are uncorrelated across alternatives. IIA assumes that the ratio of probabilities of
choosing an alternative remains constant regardless of the contents of other alternatives in
the choice set.
To compute welfare measures for the random utility function, let

N(EINIDY I v}
be the maximum random utility for an individual »n facing J choice occasions. The
expected compensating variation (CV) for a change in prices and attributes from (p,, x,)
to (ps, x5)is defined as

O ) r e, = ip )] (2.3)
from Hanemann (1982), where the CV represents the expected maximum amount of
money required to compensate individual z for a change to present conditions. For unit

changes in x, holding price constant, the marginal WTP (MWTP) is simply

s 1L 24)

30



Qualitative Measures: Response Rates and Type

Qualitative evaluation provides the most basic measure for evaluating reactions to
survey complexity. Most studies regarding mail survey length and response rates show
that longer surveys produce lower responsesrgidams & Gale, 198Burchell &
Marsh, 1992; Dillman, Sinclair & Clark, 189Heberlein & Baumgartner, 19);8esult
in underrepresentation of respondents who place a high value on their time in the survey
sample, and increased rates of item nonresp@us#erson, Basilevsky, & Hum, 1983).
Item nonresponse is particularly problematic@& surveys because low variances in
parameter estimates obtained throsgttisticallyefficient design are only realized when
all items in the design structure are coetet.Additionally, respondents who wish to
avoid making difficult decisions may select the-opt or OneitherO alternative even if the
option does not provide the highest utility level among all possible choices (Huber &
Pinnell, 1994)Changes in decisn heuristics, including increased random seleaifon
alternativesmay alterobserved response type ratios and parameter estimates

SwaitLouviere Scale Parameter Test

One quantitative measure of treatment effects can fagnell from the Swait
Louvierescale parameteest Swait & Louviere, 1993). Traditionally, thezale
parameter testas been used for combining two different datasets generated from the
same choice process, such as in stated preferenealed preference (S%P) studies
when one datet is suspected to be OnoisierO than anothescdleeparameter test
checls whether two different datasets share the same population parameters assuming

that the specification of boMNL models is identical (Swait & Louviere, 1993).
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For MNL models, theerror termd;, are assumed to be independently and
identically distributed Gumbel variates. The generalized extreme value (GEV)
distribution is characterized by both a location parameter and a scale fdutdr is
inversely proportional to the varianoéthe error tern(! Il /\/W) Explicitly
rewriting Equation2.1 to include the scale paramgteagives:

V (Mq, B, Xin, 1in) = /X0 +" (Mn DBpjn) + Hin/ 1 (25)
Becausaet is not possible to simultaneously identify", andy, pis either normalized to
one or the researcher estimates the proqucasmdp’. Therefore, the estimated
parameters from any dataset are confounded with the scale parameter specific to that
individual dataset.

Thescale parameter tedétermines whethalifferences in parameter estimates
should be attributed to scale parameter differences:

H: #1 =# andy = .
The SwaitLouviereprocedure involves a variant of theskstage Chow test. First,
estimated parameteasetested to determine if differenre@aredue entirely to a difference
in scale factorsi fe. the sum of loglikelihoods for two different data sets differ
significantly from the logikelihood of a model estimated from pooled data with a
parameter restriction):

H1:# =# = #.
Assume thaty = [p. A grid search is conducted over some hypothesized region over two

stacked datasets for a scalar valbie (

AR 29
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The scalar valuex) can be interpreted as a variance scale parameter ratiopiimal o
should optimize the legikelihood of a multinomial logit model fitted to the pooled
dataseWV, which imposes that the vector of coefficients for the first dafasetst be
equal to the vector of coefficients for the second dafas&hen the test statistic (leg

likelihood ratio) is calculated using the formula

LRUV L1 (ras [y 0 (a8 [0 logLlt, D), 27)
wherelogL[x,] is the loglikelihood scorefor the model estimated using the first dataset,
logL[x] the loglikelihood score for the model using the second datasetpghfk; 7 is
the loglikelihood score for the pooled dataset. The LR1 test statistic follows an
asymptoticy? distribution withR+1 degrees of freedom wheRes the number of
parametes specified in the MNL.

The second part of tHawaitLouviereprocedure tests the hypothesis

H2: = o = 1.

Assume thap; = .. Estimate a model using a stacked dataset as before, except without
the scalar valuex). The loglikelihood from this estimationdgL[xp00]) is then used in
the test statistic

LRV Y VL (1PHS [V g | logL[!in]), (2.8)
which also follows an asymptotié distribution, but with only one degree of freedom.

Both hypotheses must not be rejected for the main hypothesis (H) to be accepted
at a given confidence interval. If the first hypothesis (H1) is rejected, then theglinci
hypothesis (H) must also be rejected. If H1 is not rejected, then the scalamjalue (
measures the degree of heterogeneity between the error variances of the two datasets;

otherwise, the scalar value)(is interpreted simply as the optimally scalangerage
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multiplier of the second dataset that offsets the imposition of the estimated parameter
vector ! equality assumption (Swait & Louviere, 1993).

Scale Heterogeneity Model

Scale heterogeneity models, also known as heteroscedastic logit models, assume
that all individuals have the same parameter vector ! . Independence across choice sets is
retained, but individuals are allowed to have different error variances or “noisiness” in
their decisions (Breffle & Morey, 2000). This specification is equivalent to a
homoscedastic model with parameter proportionality where the ! ’s are scaled up or down
depending on the individual or strata; however, it is more parsimonious to describe the
data using a single scale parameter than a vector of parameters, one for each
stratification.

Several other studies (Chung et al., 2011; DeShazo & Fermo, 2004; Swait &
Adamowicz, 2001a) use scale heterogeneity models to quantify response inconsistencies
due to task complexity. The scale parameter from Equation 2.5 can be represented as an
exponential function (DeShazo & Fermo, 2002; Hole, 2007), which allows for
nonlinearity in parameters and yet converges:

Ha (Co) = exp [C 1], (2.9)
C, represents a vector of m individual characteristics and the vector ! measures the
degree of influence of C, on the error variance. Heterogeneity due to task complexity is
captured using scale factors that vary by treatment.

Changes in scale factors alter the steepness of the choice probability function (see
Figure 3). As the scale factor increases, the probability (vertical axis) associated with the

utility difference between alternatives (horizontal axis) rises more sharply. The utility
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values associated with different alternativesmaoee distinct for individuals with large
scale factordecause the observéattors (and corresponding paraméteare large
relative to the unobserved factdrsAs a result, boice probabilities are better defined
resulting insteep curves and easdiscernble preferenced’he random component
dominates with small scale factors, resulting in less responsive choice probailities

greater model variance

P,
1T ,e==-ccce==-c-a
08 T!
! Increasing Scale
06 T
k
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Figure 3. Scale parametegffecton choice probabilities (Adamowicztal., 199§.
Scale heterogeneity models are also convenient for valuation studies because
changes in the scale parameter reflect systematic differenitesit affecting marginal

WTP measuredJsing Equation2.9, the MWTP is

" ! '_|( (Bl, ] |(| - ))I !jn)
=, (un(' n)( (0 pp ) e )
| L Toon !

Lo (2.10
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The scale heterogeneity model is identical tosttede parameter tefstr a treatment
effect from a single treatment whéqis specified as a dummy variable for some
treatment becaugerescales the variance for the treatment effect dataset. If H1 is
rejected, theny should be statistically insignificant, and vice versa.

The scale heterogeneity model will be used in determiwinether task
complexity can be captured parametricallije scale parameter teshly analyze®ne
specific treatment casg a time, whicldoes not allow for extrapolation to other possible
study designs. The scale heterogeneity malii@ivsfor continwous specifications o,
which addresses the correlation between response and survey complexity measures more
thoroughly. For the number of alternativegan be specified as a linear trend parameter.
Because there are multigength treatmeist the efect of survey length on scale
parameter can be specified as either linear or quadratic.

RandomParameterd.ogit Models

Recent studies have also used random parameters logit RRIXL models to
explain complexity (Boxall, Adamowicz, & Moon, 2009; Meyeifh@006). In a random
parameters model, preferences are allowed toraagomly between subpopulation
groups.This method relaxedA assumptions without imposing a specific structure on the
heterogeneitypy assuminghattwo additive parts comprigee modelparameters$,, a

fixed, observable component and an unobserved (random) component:

1B, [! " ]! o
—1, [! o !"]+!!! [M! n p!”]! & . (2.11)

The more general specification for the MXL includes a random component for the error

term (random intercept)
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R
The twoparametecomponents can be alternativetyerpreted as the population mean
and individual deviatioin tastes The error terms;, in this specification are still
identically and independently distributed; however, the unobserved portion of the utility
function now includes the' term, which imluces correlation over alternatives by
assuming that respondemtghin a subpopulatioevaluate all alternatives ugjithe same
tastesBy specifying the model in this way, all of the observed and unobserved attributes
are represented.

Substituting Egaton 2.11into Equation 2.2 gives the RPMKL ) probabilities

[0

Zg!" [I [ 1!!|!!

W) = L )t (2.13)

wheref (! |! ) is the density function ¥ described by parametepgmean and
variance)Becaug the RPL models violate standard i.i.d. assumptions for CLs,
estimation of the parameters relies on assuming a distributior!fdr ). The RPL
models in this dissertation assume that the paranmetense randomly and normally
distributed for simplicity, but any distribution could be used.

The distribution of coefficient heterogeneity is addressed in both the RPL and the
scale heterogeneity mod®/hereas the scale heterogeneity model reguiredel
parameters to vary based on specific proportionality factors, the RPL model is more
liberal as the specification allows for more general variation in the parameters; however,
the RPL requires thesemation of a larger number of parameters, which can tead t

convergence issues.
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Model Specification

The models estimated in this chapter will include only the most important trip
attributes (determined empirically) and ignore species stratification for ease of model
interpretation. Combining catch into generic groupings reduces the number of parameters
in the model without significant loss of meaning. The general model used in empirical
estimations is

Lo DL LIS LB IMH %", + ! striplengt!
HUES%H ! V(1! 1) (2.14)

Marginal WTP mean and confidence intervals are calculated using the Krinsky-Robb
method (see Haab & McConnell, 2002).
Data

Variants of experimental design elements were tested using the survey instrument
described in Chapter 1. To minimize interaction effects between different forms of task
complexity, questions were identical in wording and layout across treatments; only
elements of the CEs reflected differences between treatments. Additionally, the
experimental designs chosen had approximately the same efficiency scores. This study
focuses on questionnaire length and number of alternatives per CE because they are the
easiest way to adjust required sample size and control printing costs (page length) in a
mail survey and most common variants among studies in the literature

To ensure a standard basis of comparison, a Base survey with eight questions and
two alternatives plus an opt-out option was considered the reference survey. The most
common questionnaire lengths found in discrete choice studies were four, six, and eight
discrete choice questions. Four questions seemed too few to accurately measure

respondent preferences if psychological effects, such as learning, were present, and the
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literature recommended eight (see Carson et al., 1994). All treatments varied only one
experimental design element from the base so that any differences attributed to a
particular design choice could be accurately measured. Three different survey length
variants were tested based on frequently observed numbers in the literature (12, 16, and
24 CEs) and one treatment varied the number of alternatives.

To account for potential differences from income and fishing mode, an additional
survey treatment was created with one less attribute and a reduced price vector (Shore).
The fishing trip length attribute was included in the Base survey and variations on the
Base survey because most party and charter boat fees explicitly outline time as one of the
determinants of trip cost; however, time is not determined exogenously for shore mode
anglers. Shore mode is also a less expensive form of angling and thus has a smaller price
vector with fewer levels than the other treatments. Fishing mode, the number of
attributes, the smaller price range, and the number of price levels are all potentially
confounded in the Shore treatment. The data from the Shore treatment will not be used in
the task complexity analyses because distinguishing between the multiple treatment
effects and the mode effect is impossible.

The experimental design variations allow for tests of questionnaire length and
number of alternatives. The degree of information overlap, though not explicitly
controlled for by any specific experiment, can also be tested. Changes in the number of
attributes, attribute range, and attribute leveling cannot be tested due to confounding. The
full sampling strategy was described in Chapter 1. Sample A respondents were assigned
to the Shore treatment. Sample B respondents were randomly assigned to one of the other

five treatments. Table 10 summarizes the treatments.
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Tablel10. Summary of Survey Treatments

Survey Number of Number of Number of Sample
Version Questions  Alternatives Attributes Assignment
Base 8 2 + Optout 8 SampleB
Length 1 12 2 + Optout 8 SampleB
Length 2 16 2 + Optout 8 SampleB
Length 3 24 2 + Optout 8 SampleB
3-Alternative 8 3 + Optout 8 SampleB
Shore 8 2 + Optout 7 SampleA
Results

Qualitative Measures: Respondent Characteristics

Differences in general population characteristics (race, age, gender, education,
ethnicity, household income) were not detected between treatment groups.

Qualitative Measures: Response Rates

Z-tests on sample proportions were conducted to determiné& ifdasplexity
affected response raté@he response rafer theBasesurveyis statistically different
from the response rates of all of the length treatnadritee 90% confidence level
indicatingthatthe number of CE questions influences respondenligfgness to
complete and mail back surveyde length treatment response rates are not statistically
different from each othehowever, theesponse rate fdrength 3is significantly
different fromthe 3Alternative treatment, which isot statisticdl/ different from the
Base.Table1l1l summarizes this qualitative evidence.

Tablell Response Rates by Treatment

Treatment Mailed Returned Return Rate  Z-Score (Base) Z-Score (Length 3)

Base 1,173 428 36% N 3.8237
Length 1 585 188 32% 1.748 1.204
Length 2 585 189 32% 1.677 1.132
Length 3 392 101 26% 3.823" N

3-Alternative 1,166 410 35% 0.628 3.364"

FHF

p<.01,” p<.05, p<.10 for twotailed Ztest
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Qualitative Measures: Itefdonrespons®ates

Table12 summarizes itemonresponseates by treatment and question subgroup.
Surprisingly, he average itemonresponseateis not statistically different between
treatmentshowever, this resuis consistent with othanail survey studies showing that
item nonresponse is independent of questionnaire length (Craig & McCann, 1978; Hing,
Schappert, Burt, & Shimizu, 2005).

Tablel2. ItemNonresponséy Treatmentand Question Order

Average non- Average non- Average non- Average non- Average non-
response rate response rate response rate response rate response rate
Treatment in Q1-Q8 in Q9-Q12 in Q13-Q16 in Q17-Q24 for all Qs

Base 20% N N N 20%
Length 1 16% 16% [\ [\ 16%
Length 2 19.4% 20% 21% N 20%
Length 3 17.6% 20.5% 19.5% 19.4% 19%
3-Alternative 22% N N N 22%

FHF

p<.01, p<.05,'p< .10 for twotailed Ztest compared to Base

Qualitative Measures: Response Composition (Type of Response)

A comparison of choice distribution for different survey designs can also be
revealing. Each length treatment was structured to include the base Gsvéryclusion
of the base CE® the 3Alternative or Shoréreatmentsvas not possibléor obvious
reasonsTablesl3throughTablel7 give response breakdowns for a few questions.
Though some variation is expected due to heterogeneity in respondent preferences, the
proportion of optoutresponses werggnificantly higher in the length treatments than in
the basen most casesThere also appear to be significant differences imligtebution
of response type between treatment groups for each of the questions shown in the tables.

Table 13. Question A Response Breakdown

Treatment No. Responses Option A Option B Opt-Out Nonresponse
Base 428 37% 38% 6% 19%
Length 1 188 19% 40% 10% 31%
Length 2 189 39% 30% 14% " 17%
Length 3 101 27% 45%" 8% 20%

" p<.01,"p<.05, p<.10 for twotailed Ztest compared to Base
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Table14. Question B Response Breakdown

Treatment No. Responses  Option A Option B Opt-Out Nonresponse
Base 428 39% 18% 11% 32%
Length 1 188 32% 25% 10% 32%
Length 2 189 42% 20% 15% 23%
Length 3 101 48% " 16% 18% 18%

FHF

p<.01,” p<.05,'p< .10 for twotailed Ztest compared to Base

Table15. Question C Response Breakdown

Treatment No. Responses Option A Option B Opt-Out Nonresponse
Base 428 10% 44% 25% 21%
Length 1 188 9% 41% 14% 36%
Length 2 189 12% 55% 19% 14% "
Length 3 101 14%" 49% 18% 19%

FHF

p<.01, p<.05,'p< .10 for twotailed Ztest compared to Base

Table16. Question D Response Breakdown

Treatment No. Responses Option A Option B Opt-Out Nonresponse
Base 428 25% 35% 17% 23%
Length 1 188 9% 41%" 24% 26%
Length 2 189 14% 41%" 22% 23%
Length 3 101 8% 48% " 26% 18%"

" p<.01,"p<.05, p<.10 for twotailed Ztest compared to Base

Tablel7. Question E Response Breakdown

Treatment No. Responses Option A Option B Opt-Out Nonresponse
Base 428 6% 45% 18% 31%
Length 1 188 7% 43% 26% 24%"
Length 2 189 12% 32% 23% 33%
Length 3 101 4% 52% 28% 16%

FHF

p<.01, p<.05,'p< .10 for twotailed Ztest compared to Base

Qualitative Measures: Consisteri¢fRatings and Choices

The last qualitative measut@sts consistenayithin responses by respondents.
EachCE in this survey required the respondensétectthe most preferred trippption, as
is standard in mo<EE questionnairesand then rateach alternative in théE. Including
the rating exercise allows for testsrafionality and consistency, as ratings should align
with trip selections. Many different scales appear in previous studies, but this survey
utilized the most common scale, 1 (dislike) to 10 (like) (Bigsby & Oz#20@2).Table
18 summarizes the percentage of inconsistent responses by treatment, which are

responses where the highest rated alternative is not the chosen alternative, excluding
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nonresponsed.he Length 3 treatment group had the highest percentage of inconsistent
responsg per respondenivhich was significantly different from the ba&urprisingly,

the Length 2 and-3lternative treatments had the fewest number of inconsistent
responses, suggestitigeserespondents paid more attention to the choice tasks.

Table18. Percent Inconsistent Responses by Treatment

0-25% Responses 2550% Responses 50-75% Responses 75-100% Responses

Treatment Inconsistent Inconsistent Inconsistent Inconsistent
Base 76.3% 13.9% 3.9% 5.8%
Length 1 76.5% 13.4% 4.3% 5.9%
Length 2 78.2% 12.8% 3.2% 5.9%
Length 3 69.3% 15.8% 5.9% 8.9%
3-Alternative 78.7% 10.8%" 4.2% 6.4%

" p<.01,"p<.05, p<.10 for twotailed Ztest compared to Base

SwaitLouviere Scale Parameter Test

Parameter estimatésr individual treatments are listed Trable19. The
coefficients for fish kept and trip length are positive atadistically significant as
expected. The ogiutand trip cost are negative and significant. The number of fish
released is not statistically significant, but it is an important part of the theoretical model.
There are some noticeable differences in parameter estimates between the treatments and
the control group, which is also reflected in calculated MWTP valkaghe tables in
this chapterthe number of observatiomsthe total number of items (alternativasidthe
number of groups indicatéise number of clusters used in computing the standard errors
(N), which equalshe number of individualdviodels in this chater cluster observations
by individual to control foerror correlation in responsaslessnoted otherwise
Differences in parameter estimates betweenatostered and clustered models are not

statistically significant.
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Table 19. Estimation Results for Individual Treatments

Variable Base Length 1 Length 2 Length 3 3-Alts.
# Fish kept 0.0556 0.0389"" 0.04227" 0.0473"" 0.0652""
(0.00603) (0.00762) (0.00651) (0.00741) (0.00558)
# Released 0.00257 0.0123 0.0145 0.0127 -0.0110
(0.0108) (0.0132) (0.0113) (0.0130) (0.00689)
Trip length 0.0444™"" 0.0527"" 0.0249"" 0.0233" 0.0666"""
(0.00914) (0.0129) (0.0115) (0.0129) (0.00967)
Opt-out -0.941™" 1162 -0.853"" -1.155™" -0.654"
(0.123) (0.145) (0.124) (0.142) (0.120)
Trip cost -0.00460™"  -0.00569""  -0.00457""  -0.00556""  -0.00553"""
(0.000284) (0.00342) (0.00278) (0.000325) (0.000246)
LR (1% 943.07 71037 790.6" 961.07 1,388.8"
Log-Likelihood  -2,829.57 -1,511.40 -2,108.42 -1,657.42 -2,518.92
No. Obs. 8,166 5,097 6,837 5,838 10,168
No. Groups 354 151 153 86 336
MWTP (keep) $12.08 $6.83 $9.24 $8.50 $11.78

(9.01 -15.14) (3.98-9.67) (6.10-12.39) (5.60-11.40) (9.45-14.10)

E3

“p<.01, p<.05 p<.10.

Pooled models for the scale parameter test are summarized in Table 20, Table 21,
and Table 22. The test statistics for H1 (LR1), which considers whether differences in
parameter estimates are due to scale factors only, are listed in Table 20. Ris 5 for this
model and the degrees of freedom for LR1 are 6. Because LR1 is rejected for all of the
length treatments versus base at the 99% confidence level, the hypothesis of equal
parameter estimates is also rejected, indicating that the underlying choice models for the
length treatments have different parameters than the base. Increasing survey length either
alters respondent behavior or changes unobserved sample characteristics.

LR1 fails to be rejected for the 3-Alternatives treatment (Table 20), indicating that
the relative scale factor (" ) is a measure of heterogeneity of the error variances between
the base and the 3-Alternatives treatment. In this case, it appears that the two datasets are
fairly homogeneous as " is very close to one. LR2 (Table 22), which tests whether there
are differences in parameter estimates assuming that scale parameters are the same, also
fails to be rejected in this case. Thus, the hypothesis (H) is accepted, meaning that the

number of alternatives does not have a statistically significant effect on response process.
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The 3Alternatives treatment was not compared with any of the length treathesatsse
it hasalreadybeendemonstragd that the length treatments are significantly different

from the control treatment, which has the same underlying parameters and error variance

as the 3Alternatives treatment according to the scale parameter test.

Table20. Pooled Estimation Results (Base! fTreatment) foiSwaitLouviereH1

Variable Base + L1 Base + L2 Base + L3 Base +3-Alts.
# Fish kept 0.0474" 0.0522" 0.0499” 0.0584"
(0.00458) (0.00475) (0.00460) (0.00396)
# Released 0.00589 0.00931 0.00825 -0.00666
(0.00811) (0.00840) (0.00814) (0.00552)
Trip length 0.0449” 0.0407" 0.0371" 0.0527"
(0.00725) (0.00757) (0.00736) (0.00641)
Optout -1.036" -1.004™ -1.054" -0.828"
(0.0915) (0.0943) (0.0916) (0.0825)
Trip cost -0.00497" -0.00506" -0.00506" -0.00493"
(0.000212) (0.000213) (0.000208) (0.000176)
LR (19 1,642.31" 1,718.44" 1,884.71 2,312.8"
Log-Likelihood -4,035.81 -4,634.94 -4,185.97 -5,357.97
No. Obs. 13,263 15,003 14,004 18,334
No. Groups 505 507 440 690
MWTP (keep) $9.55 $10.33 $9.85 $11.84
(7.51911.59) (8.23D12.42) (7.84P11.86) (9.99913.70)
Scale ratio () 1.05 0.83 1.02 1.05
LR1 Test Statistic 610.32 606.10 602.04 -18.96

“p<.01,"p<.05 p<.10.

Table21. Pooled Estimation Result$reatment + ! Treatmery) for SwaitLouviereH1

Variable L1+L2 L1+1L3 L2 +L3
# Fish kept 0.0449” 0.0433 0.0408”
(0.00548) (0.00529) (0.00448)
# Released 0.0139 0.0116 0.0125
(0.00951) (0.0380) (0.00781)
Trip length 0.0427" 0.0381" 0.0219”
(0.00949) (0.00913) (0.00786)
Optout -1.101" -1.164" -0.910”
(0.104) (0.101) (0.0855)
Trip cost -0.00565" -0.00564" -0.00460"
(0.000240) (0.000235) (0.000194)
LR (19 1,497.26" 1,666.75 1,751.07"
Log-Likelihood -3,621.65 -3,171.07 -3,766.10
No. Obs. 11,934 10,935 12,675
No. Groups 304 237 239
MWTP (keep) $7.94 $7.68 $8.86
(6.85910.04) (5.66D9.69) (6.73D10.99)
Scale ratio () 0.82 1.00 1.20
LR1 Test Statistic -3.66 -4.50 -0.52

“p<.01,"p<.05 p<.10.
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Table22. Pooled Estimation Results (TreatmehtTreatmeng) for SwaitLouviereH2

Variable Base +3-Alts. L1+L2 L1+1L3 L2 +L3
# Fish kept 0.0602” 0.0404” 0.0433" 0.0446"
(0.00407) (0.00492) (0.00529) (0.00489)
# Released -0.00641 0.0134 0.0116 0.0139
(0.00572) (0.00855) (0.00920) (0.00851)
Trip length 0.0541" 0.0382” 0.0381" 0.0237"
(0.00656) (0.000857) (0.00913) (0.00859)
Optout -0.849" -0.971" -1.164” -0.987"
(0.0845) (0.0939) (0.101) (0.0932)
Trip cost -0.00508" -0.00502" -0.00564" -0.00501"
(0.00181) (0.000215)  (0.000235)  (0.000211)
LR (19 2,312.48" 1486.26 1666.75 1737.50°
Log-Likelihood -5,358.14 -3,627.15 -3,171.07 -3,772.89
No. Obs. 18,334 11934 10,935 12,675
No. Groups 690 304 237 239
MWTP (keep) $11.84 $8.04 $7.68 $8.89
(9.99D13.69) (5.92P10.16) (5.66D09.69) (6.76D11.04)
LR2 Test Statistic -19.30 -14.66 -4.5 -14.1

FHF

p<.01,"p<.05 p<.10.
Comparisons between lendtieatments were conducted to determine if treatment

effects variedetween treatmentsR1 (Table21) and LR2 Table22) fail to berejected
for comparisons of the length treatments, meaning that Hailsdo be rejected;
therefore, the hypothesis of equal parameter estimates and equal scale paimmeters
accepted. The length treatment models are not significantly different from each other,
only from the base.

Scale Heterogeneity Models

Table23lists the results for the scale heterogeneity models by treatment type. The
3-Alternatives case was only examined as a linear case as there was only one treatment
for this type of complexityThe scale heterogeneity parameter for the number of
alternatives is not statistically significant, which is not surpritiagause the scale
parameter here replicates theaitLouviere scale parameter testdH for the3-
Alternatives caswasnotrejected.The length treatments are examined as both a linear

(Model A) and quadrati¢Model B) effect on error variance. In the linear specification,
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the scale parameter term for questionnaire length is not statistically significant; however,
both the linear and quadratic terms are highly significant in the quadpacification.

The convexity of the scale parameter indicates that the error variance initially increases,
plateaus, then decreases in response to increases in survey length. The parameters are
significantly different from the homogeneous base mod&hinie19 (LR (1% =

15,648.05), and the MWTP estimates for the quadratic length specification are much
lower than the MWTP estimates for the baBee confidence intervals just barely

overlap. Contrary to findings in other studi8sgdley & Daly, 1994; Brazell & Louviere,

1998;Carlsson & Martinsson, 2008; Hensle¢ral, 2001; Louviere, 2004), preferences

do change depending on survey length.

Table23. Scale Heterogeneity Models: Singlemplexity Type

Base +Length

Base+ Length

Variable Base +3-Alts. (Model A) (Model B)
# Fish kept 0.059" 0.0453" 0.0727"
(0.00435) (0.00400) (0.0123)
# Released -0.00658 0.00974 0.0170
(0.00560) (0.00591) (0.00991)
Trip length 0.0532” 0.0367" 0.0597"
(0.00660) (0.00589) (0.0129)
Optout -0.836" -1.020” -1.635"
(0.0857) (0.0830) (0.270)
Trip cost -0.00498" -0.00502" -0.00808"
(0.000229) (0.000293) (0.00126)
" (#alternatives) 0.0324 N N
(0.0473)
" (#questions) N 0.000396 -0.0680"
(0.00331) (0.0215)
" ((#questions) N N 0.00212"
(0.000658)
LR (19 0.47 0.01 10.53"
No. Obs. 18,334 25,938 25,938
No. Groups 5,264 8,646 8,646
MWTP (keep) $11.84 $9.02 $8.99

(9.99D13.70)

(7.57D10.48)

(7.54D10.44)

“p<.01,"p<.05 p<.10.
No. Groups indicates the number of unique observations for the scale parameter variable.

Learning and fatigueffects are best examined in terms of question order, but this

effect is difficult to measure explicitly in mail surveys. Respondents are nstramed
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to answering questions in a particular order and can easily change the answers for
previously completed questionsaaty time. For example, Carlssdirykblom,and
Liljenstolpe(2003) found no question order effects in study of wetland valustion
Sweden despite administering half of the surveys in reverse question order. The inability
to parse out any question order effects is typical of mail surveys but does not
conclusively indicate the absence of order effelftlearningeffects are presenhe
impact of inconsistent responses early in the survey (Carlssonrgnbtn, 2001,
S%lensminde, 19 should result in higher variance in shortveyss compared to long
surveys. Fatigueffects occur at the end of long geys (Maddalat al, 2003;Ryan &
Bates, 2001; Ryan & San Miguel, 2000) and are correlated with survey length, so longer
surveys should exhibit higher variances than short surveys. The shape of the scale
parameter in response to questionnaire length does not support either themlgias
length surveys have the highest error variances.

To explore this further, a scale heterogeneity motabke24) was estimated
including a question order term (question number in the survey). The parameters are not
statistically different from the quadratic modelTiable23 but are significantly different
from thehomogeneoubase model iffable19 (LR (%) = 15,647.21). After controlling
for questionnaire length effects, there is a slight increase in error variance with questions
near the end of the survey, which carcbastrued as a fatigue effect. Though

statisticallysignificant, this effects dwarfed bylte questionnaire length effect.
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Table24. Scale Hetrogeneity Models: Testing for Learning and Fatidiffects

Variable Base + Length (C)
# Fish kept 0.0709"
(0.0120)
# Released 0.0158
(0.00966)
Trip length 0.0598"
(0.0128)
Optout -1.633"
(0.269)
Trip cost -0.00799"
(0.00125)
I (question order) -0.00805
(0.00424)
| (#questions) -0.0623"
(0.0216)
| ((#questions) 0.00209"
(0.000658)
LR ("9 14.10"
No. Obs. 25,938
No. Groups 8,646
MWTP (keep) $8.87

(7.44D10.31)

%

“p<.01, p<.05, p<.10.
No. Groups indicates the number of unique observations for the scale parameter variables.

Random Parameters Logit Models

Due to convergence issues, the RPL models estimated only specify random
parameters for the number of fish kept. The first set of resultabte25is from a
dataset containing the control group responses ariAltternativegroupresponses.
The parameter estimates differ from the scale heterogeneity model and the pooled model
without a consistent diction. The random parameter on fish kisgbositive, indicating
that responses from theAdternatives group weighted the numbeiffish kept more
heavily than the base group. Surprisingly, the results for the length treatments were not as
conclusive. The random parameter in this cadeatesthat respondents with longer
surveyshavea greater dispersion in their utilityeight for umber of fish kepbut no
shift in the meanThe pooled treatment model includes data from all of the design

treatments. Iithe pooled treatment model, the random parameter implies thatiergy
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designtreatment results in a higher mean value and grdedpersionn taste parameters
compared to the bas€hese results suggest that there is a treatment effect caused by the
3-Alternatives scenario, but it ot captured using the parametric specifications used in
the previous section unlike the treatmefiects for he different length scenarios.

Table25. RPL Models with Randomness in Fish Kept

Base + Length

Base +3-Alts. (All L Treatments) Base +All Treatments

Variable Coef Std Err. Coef Std Err. Coef Std Err.

#Fishkept Mean 0.0704~  0.0136 0.0540"  0.00348 0.0591°  0.00976
(' yeamen) S D. 001827  0.00924 0 0.00145 0.0161°  0.00667

#Released Mean -0.0161°  0.00632 0.0152"  0.00589 0.00381  0.00472
Trip length Mean 0.0738"  0.00690 0.0399"  0.00573 0.0502"  0.00490

Optout Mean -0.985" 0.0875 -1.2717 0.0705  -1.144" 0.0598

Tripcost Mean -0.00545" 0.000182  -0.0052i" 0.000143 -0.00547" 0.000124

Wald (19 1,051.57" 3,536.25" 2,390.44"

No. Obs. 18,334 25,938 36,106

MWTP $12.91 $10.36 $10.80
(7.93D17.89) (8.89911.83) (7.25D14.34)

%

"p<.01,"p<.05 p<.10.

Degree of Information Overlap

Because this study did not explicitly control for the degree of information overlap,
the SwaitLouvieremethod could not be used as the data could not be subset; however,
the degree of information overlap directly affects perception of choice difficulty and is
important in survey design considerations. Therefore, anabysks degree of
information overla will be conducted using ontite control sample.

Previous studies have useariablessuch as the percentage of attrilsutath
unequal levels (Maddakt al, 2003) and entropsneasuresianthurebandara‘u, &
Vandebroek, 2011; Swait & Adamowicz, 2@)20011 to represent the degree of
information overlap. Here, the degree of information ovedapnformation diversity)s
defined as the distance or Euclidean mean between attribute vector€ b Smaller

values indicate that the information betwectors is very similar, whereas large values
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indicate very different vector valueBhough this is a departure from methods used in the

literature, the Euclidean mean is a simple but apt descrightadrcaptures the degree of

difference between attribellevelsand the number ddttributes with unequégvels.
Thetestresults for degree of information overlap are showhahle26. The

scale parameter in the scale heterogeneity model istatisticallysignificant. The

random @rameters in the RPL model have a positive and significant standard deviation

from the estimated mean coefficient, which indicates decreases in error variance with

increases in degree of information overlap. The magnitude of all parameters in the RPL

modelare greater thatinose inthe homogeneous model, but differences in MWTP

confidence intervals are not significant. As with thal@rnatives treatment, the degree

of information overlaps best captured ngmarametrically.

Table26. Regression Results forglbegree of Information OverlgBase Only

Base Base BaseRPL
Variable Homogeneous Scaled Coef Std Error
# Fishkept 0.0556" 0.0533" Mean  0.0969" 0.0130
(0.00603) (0.00656) S D. 0.0555" 0.0080
# Released 0.00257 0.000803 Mean  0.00993 0.0169
(0.0108) (0.0107)
Trip length 0.0444" 0.0439" Mean  0.0741" 0.0131
(0.00914) (0.00897)
Optout -0.941" -0.889" Mean  -1.184" 0.168
(0.123) (0.136)
Trip cost -0.00460" -0.00433" Mean -0.00726"  0.000401
(0.000284) (0.000435)
I (overlap N 0.000225 N N
(0.000293)
LR ("9 943.07 0.59 491.827
No. Obs. 8,166 8,166 8,166
No. Groups 354 2,722 N
MWTP $12.08 $12.28 $13.35
(9.01P15.14)  (9.11P15.45) (9.56D17.14)

“p<.01,"p<.05 p<.10.
No. Groups indicates the number of unique observations for the scale parameter variable.

Complete Complexity Analysis
The previous sections examined the effect of various forms of task complexity

individually, as has been dobeforein the literdure (Arentzeet al, 2003;Carlsson &
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Martinsson, 2008; Hensher, 2@)&006k; howeverthe practicanay result in omission
biasbecause some sources of task complexity, namely the degree of information overlap,
are present in all treatmenihoughother studies have examined the effect of total

survey complexity on survey respon8afithurebandarat al, 2011;Swait &

Adamowicz, 2004, 2001b, the allencompassing entropgeasure is unable to

differentiate contributions from specific forms of taskmplexity. The scale

heterogeneity model ihable27 uses pooled treatment data with separate scale
parameters for each complexity type so that relative importance can be measured. A
homogeneous specification using the pooled treattiahata is included for comparison.

No RPL was estimated due to technological constraints.

Table27. Regression Results for Complete Task Complexity Model (Pooled Data)

Variable Homogeneous Scale Heterogeneity
# Fish kept 0.0507" 0.0567"
(0.00287) (0.00164
# Released 0.00236 0.00439
(0.00444) (0.00519
Trip length 0.0428" 0.0474™
(0.00479) (0.0147)
Optout -0.961" -1.1417
(0.0568) (0.32)
Trip cost -0.00516" -0.00602"
(0.000127) (0.00168
| (overlap) N -0.000212"
(0.0000803
| (# alternatives) N 0.103"
(0.060)
I' (question order -0.00313
(0.00400)
| (# questions) N -0.0598”
(0.0214
| ((#questions) N 0.00197"
(0.000656)
LR ("9 4725.6° 20.137
No. Obs. 36,106 36,106
No. Groups 1,080 11,188
MWTP $9.82 $9.43
(8.58D11.06) (8.21910.64)

%

“p<.01, p<.05, p<.10.
No. Groups indicates the number of unique observations for the scale parameter variables.
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The estimated model parameters for the scale heterogeneity mogeharally
larger than the model parameters in the homogeneous thodgh some of the
attributes are meamvariant The likelihood ratio test statistic for difference in
parameters between the two models is 20.124, which statistically different a#the 99
confidence level. The scale parameters for survey length are comparable to those
estimated using the base and length pooled datal€23 andTable24). The effect of
guestionnaire length is statistically siigzant and invertedJ shaped, as in the previous
model, and the parameters suggest that error variances increase until questionnaire length
reaches 15 questions, then decreasdditionally, MWTP values are very similar
between the homogeneous poadtieda model and the heterogeneous pooled data model,
as expected; however, the pooled data models shift the confidence intervals significantly
in a negative direction compared to the results from the base data only reduellQ).
This is similar to he result found by Hensher (200@ar VTTS when overlooking task
complexity effects.

Some results from the singd®urce examinations were not consistent with the
pooled treatment results. Question order was not statistically significtr® presence
of other sources of task complexity. Degree of overlap and number of alternatives were
both statistically significant in this model though they were not in sisglece scale
heterogeneity model3 his is most likely due to correlationtiwianother regressor;
however, examination of the covariance matrix for the estimated coefficients did not
reveal any significant correlations between variables in the model (all covariance

measures are smallfhe degree of informatiaoverlap variable, Wich increases with
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increases in information diversitig, negative and statisticalgrgnificant, indicatinghat
increasingnformation diversity increases error variance in the model.

The number of alternatives increases choice accuracy, which is Gotunitige
and contradicts previous findings in the literature that increasing the number of
alternatives produces no effeétréntzeet al, 2003;Kits et al, 2009; Malhotra, 1982) or
has a negative effect on the decismaking procesdihar, 1997a, 19%; Green &
Srinivasan, 1990daynes, 2009Redelmeie& Shafir, 1995; Tversky & Shafir, 1992In
this case, it could be that a larger assortment of choices allows for more direct
comparisons and a greater understanding of possible options (Hutchindohn vidich
may reduce random selection behaviors. Additionally, some studies have suggested that
the relationship between choice and number of alternatives can be characterized as an
invertedU (Reutskaja & Hogarth, 2009). The theory is that individuadsbetter off with
more options but prefer to make decisions from only a few alternatives, and the shift in
dominant effect results in a convex shdpecausehere were only two treatments for the
number of alternatives and the number of alternatives mall ;1 each treatment, it
could be that the scale parameter is identifying the beginning of the ineftedttion.
Conclusion

Methodological biases are important considerations in the design of stated
preference studies as they are often the only safreconomic information for
nonmarkegoods and services. This chapter examined se@&ralirvey designs for a
mail survey of recreational groundfish anglers in New England. The results of this

experiment show that individuals do respond to increasaskncomplexityas evidenced
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by variations in response rates, qualitative choice consistency measures, model
parameters, and estimated MWTP

Three different methods were used to test for evidence of response changes due to
treatment group: thBwaitLouviere scale parameter testale heterogeneity modeling,
and RPL modelingThe results suggest that researchers should be most concerned with
survey length and number of alternatives when desigdiguestionnaires. Survey
length has an inverted shapedelationship with error variance, and longer surveys
deflate MWTP estimates. Increasing the number of alternatives increases response
consistency, butnly having two treatments addressing this form of task complexity may
be influencing this result

Thoughsome tests performed on individealmplexitytreatments did not reveal
any behavioral changes, the pootesnplexitymodel confirmed that task complexity
does affect underlying decisignaking processess evidenced by differences in
estimated model pamgeters, error variances, and MWTP confidence interVais
contradictions between individual and the pooled treatment results suggest that
interaction effects between different forms of task complexity may influence results
unless all forms of task compiéy are analyzed simultaneously anéan MWTP
estimates are slightly higher when task complexity is ignored.

Nonmarket stated preference valuation studies should acfauhe possibility
of survey design influences on analytical outcomes to reduce inherent study biases and
prevent poor policy choiceBecausehanges in model parametersd error variances
affect demand estimates, there may be additional consequencesi&biona based on

total WTP not explored in this study. This chapter extended previous research on task
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complexity by simultaneously examining several sources of perceived difficulty, but
further exploration is warranted to understand the relationship between questionnaire
length, question order, number of alternatives, and degree of information overlap on

observed response behavior in mail CE surveys.
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Chapter 3Stated Preference Models for Recreational Fishing

Introduction
Stated preference methods aidely used in environmental amérmarket
contexts because adequate revealed preferencardatat always available for
guantitative analysis. Discrete choice stated preference methods are becoming more
popular with applications including hunting triplwation (Gan & Luzar, 1993;
Mackenzie, 1993), public good valuatiddefinett, Rolfe& Morrison, 2001; Johnson &
Desvousges, 199Qpaluch Swallow, Weaver, Wessell&, Wichelns, 1998 and
recreational anglingBanzhafet al, 2001; Haider, 2002; HicksPR2 Roe, Boyle, &
Teisl, 1996¢. Because€CEs mimic real choice environments, more accurate predictions are
obtained using this method than other stated preference meliamt (ouviere, &
Davey, 1992| ouviere, 1988; Louviere & Woodworth 198 espitemany advances in
discrete choice stated preference modeling techniques and technology, no consensus has
been reached regarding model specification for recreational fisheries applications.
Though some angler behavior and characteristics vary betweendsshaadst
discrete choice stated preference studies of recreational angling utilize the same
variables: regulations in the form of bag limits and minimum size limits; some
combination of catch, keep, and discard of fish; and trip Evsin with these
commaalities, no single model is consistently utilizedCia stated preference studies of
recreational angling. One concern is in estimating the economic impact of changes in
managemenBecausanost recreational fisheries studies support or inform policy
decsions, having a standardized method for approaching such valuation problems would

be useful. Previous models have included various numbers of regulatory variables from
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none (Roehl et al., 1993) to several (Aas eal0Q Dorow et al, 2010;Hicks, 2002,0h
et al, 2005;0h & Ditton, 2004;Paulrud & Laitila, 200t These studies include an array
of specifications including linear and interaction terms.

Another issueoncernsestimation structure. Econometric specifications in the
literature include conditional logits, nested logits, scaled multinomial logits, and mixed
logits. Conditional lgits assume that anglers hanegular decisiormaking processs
and that all optionwithin a choice scenario can be considdtAd Nested logits assume
that anglers have a branched decisitaking process and that the assumption of 1A
holds only within branches, not between. Scaled multinomial logit and mixed logit
specifications bothlw for heterogeneity, but the random elements of mixed logits may
affect WTP estimates whereas the scale factor in scale heterogeneity models should not.

The type of respondenmtcluded in survey data analy$ssalso a concern.
Recreational angling sties obtain their survey panels through a variety of methods
including license frame@derrmannret al, 2001) marketing or third party lists, random
digit dialing, andn-person intercept interviews (@ al, 2005). Studies vary in their
ability to contol for specific respondent characteristibsough prescreening. Inclusion
(or exclusion) of different angling stgmpulations may affect results.

The diverse range of models and estimation methods found in previous models
present challenges when compagroutcomes from different studies or generating results
using metaanalysis as variations in valuation estimates cannot be attributed solely to
differences in resource characteristics. This chapter focuses on the consequences of
model and population spéiciation on inferences of the recreational value of Atlantic

cod, haddock and pollock using t8& stated preference data described in Chapter 1.

58



Methods

Random utility models (RUMs) have been used to model recreational angling
since Bockstael, McConnelind Strand (1989) pioneered the usage with their study of
Florida sportfishing. In discrete choice stated preference studies, anglers are asked to
compare several trips simultaneously with different attribute levels. The collection of
choice responses frowarious choice scenarios enables researchers to examine tradeoffs
and behavioral responses to a variety of biological and regulatory changes.

The traditional model for a discrete choice study begins with a choice ocsasion
According to random utility theory, the researcher cannot directly observe the actual
utility function of any anglen; however, a significant proportion of the utility function
can be understood using information from a waelsigned choice study. That

1. Uins = Vi (Xis) + /jns, (3.1)

whereUjys is the latent, unobserved utility for optipat a given choice occasienV, is
the systematic or observed portion of an anglerOs utjlity,axvector of alternative
specific attributes, ants is the andom or unobserved portion of the anglerOs utility.
Given the random component, the utility function itself cannot be estimated; however, a
researcher can interpret the probability of an anglerOs choice. Thenamijlehoose
optionj from setsif the utility obtained from that option outweighs the utility of all other
optionsk in sets:

P (Is) = P [Vn (Xjs) + /jns) > (Vn (i) + k] ! ! K™ s, (3.2)
Estimation of the choice probabilities requires an assumption of the distribution of the
random component. Typically, either a Gumbel or normal distribution is assumed, which

leads to estimation using models from either the multinomial logit or multinomial probit
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families. This general specification forms the basis for most studies of necralat
angling usingCE data; however, variations in the details can cause significant differences
in results. Several classes of models commonly found in the literature are explored in the
following sections.

Linear Utility Functions

The most common utilftmodel used in economic analyses of recreational
angling is linear. A simple linean-parameters utility function can be specified in
general as

Ups =" Xins + Lins™ n=1,E, N;j=1,E, J;s=1,E, S, (3.3)

where! is a vector of utility weightomogeneouacross individualsand/, is the
random component or error term, which, for conditional logit modgls; i.i.d.
generalized extreme value (GEV). The error term may include characteristics of the
alternative omitted by the researcher, sugament errors, and unobserved characteristics

of the individual or the choice context. The choice probabilities are given by

1. 1)t #}3'#:) (3.4)

whereX,, is the vector of attributes of all alternatiyes 1, E, J. WTPfor marginal
changes in attribute levels, as measured by consumer surplus, is given by the ratio of the
partial derivative of the utility function with respect to a particular attrilpttethe

partial derivative of the utility function with respect tage p (or trip cost)

aU/IH
"#$ | 7/, (3.5)
! /ap
which is simply the ratio of the parameter estimates tordp:
MWTP =1,/!,. (3.6)
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All MWTP confidence intervals reported in this chapter are constructed using the
Krinsky-Robb procedure recommended by Haab and McConnell (2002).

Inclusion of Regulatory Attributes

One principal difference in the literature is the inclusion (or exclusion) of
regulatory attributes. CEs are founded on the premise that the entire worth of the good or
service equals the sum of its parts. Studies of market goods and services typically utilize
all attributes shown to respondents in the CEs because the attribute list encompasses all
aspects of the good that are perceptible to the consumer. For example, a study of
breakfast cereals might include attributes such as brand, package size, grain type, sugar
content, and cereal shape. Generating such definitive breakdowns for nonmarket goods is
more difficult, and some attributes may overlap with others. Additionally, comprehensive
characteristic lists for nonmarket goods may overwhelm respondents and are impractical
for many applications.

Therein lies the debate for recreational fisheries: Should regulatory attributes be
included in CE surveys? More importantly, should regulatory attributes be included in
models using CE data? There are a large number of environmental goods and services
that affect an angler’s enjoyment (utility level) for a given fishing trip. Ambience,
weather, water features, bird sightings, and catch are among the possible items
contributing to pleasure derived from being outdoors. Personal considerations are also
important in choosing angling trips, such as time with friends or family, or the ability to
supplement the dinner table. Most researchers would list regulations such as size limits
and bag limits in the list of deciding factors for angling trips; however, the importance of

regulations varies depending on the application. For anglers who only participate in catch
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and release fishing (game fish), regulatibase no bearing at all; all of the fish are
released, so whether or not regulations bind is immaterial. For meat fisheries (food fish),
the degree to which regulations bind does impact trip outcomes, effort, and participation
levels.The probleniies incgpturing these economic consequences for policy analysis
using discrete choice stated preference methods if anglers ignore the attributes when
answeringCEs, as has been noted in other studies by NMFS
Most recreational angling surveys do include regulaatinjbutes in th&CE
questions, utilizing direct tactics and explicitly listing regulation levels in the table of
attributes for each questioGi(lis & Ditton, 2002;Hicks, 2002,0h et al, 2005;Paulrud
& Laitila, 2004. Some authorselievethat it isnecessaryo adhere to traditional
marketing conjoint methodmdincludeall attributes from th€Es in the esthation of
choice probabilities becausiee value of changes to managemenissallyderived from
the ratio of parameter estimates and repaaedVIWTP for changes in management
level (Hicks, 20020h et al, 2005; Paulrud & Laitila, 20041t is unclear what these
types of values mean. Can a simple ratio of parameters define the economic impact of a
change in management, especially when anglers insist that these attributes are ignored
when they answer stated preference surveys? Moreoveneameotdel parameters
meaningful when estimated in this fashion?
To address these issues, three different model specifications are compared. The
first model is dinear in parameters utility functiancluding all regulatory variables:
Lins ! B (cod! pt)py | B (1"# W'H'S%"&) s

ULy (VaddockW'#$ ) U B (1 1"#$% N"H'$%"&) s

DLy (%I HS )y | 1 ("B $%released) vy

+1y (cod# Wimit)py | 1y (VIHS% 1'H WH'S) g

I B (pollockV"# 1"#'S )y 1 L ("# I"# 1HS) g
Ly (UI#8% min!UH$) s | 1y (MHHESWMIN 1'HS) 1y
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Dl [(#Slengt! Yy | 1"# 11, |
Dl [(1H HSYR) g | 1 11, ]!
Pl (g )!,,# + 1 (HSWHS ) + s (3.7)

The second model includes only bag linliecauserevious studies hawstated that
estimationfailure occurs with minimum size limits (e, ¢dicks, 2002):

Lpw U B (cod"#$ ) + 1) (I"# I"H#"$%"&) s
DL (MES% WHS ) 11 (1I™H#8% N1"#$9%"&) jns
DLy (S HS )y |1 (1M"B$%01"#'$%0"&) 1y
LB (I 0 W 1) 1 By (VI™#$% % limit) g

L1y (pollock!"# NW"H'$) g | 1y [("HSN"HSU )y | "8 W ire |
L By [(HSNHSYR) 1y | 1H W ey ]! +1 (opt-I"#),.,
| ﬂ!" (I"#$ COSt)!"# ! !!" I (38)

The third model does not include any regulatory variables:
Lo U1 (" WH$ ) 1 By (cod!I"#'$%"&) s
L1 (M#$% WHS ) 1 1, (! addock""#'$%"&) jns
UL (' $%kept) s | 1 ("#H"# released) s
L [(#Sllengt! ) s X1 113, ]
1 g[(aSN"#$9% )y | for!l I'#, ]! L (s ),
U B (MH#SNHS ) | Ny (3.9)

The catch for each species is defined as the numliishdfept and the number of
fish released. Decomposition of the catch into keep and release is a better indicator of
fishing success than total catch (Milon, 1991). Addition®lgy England groundfish are
classified agmeat fishery and the differencetiseen the value of a kept fish and a
discarded fish should be significamthichwould not be captured with a grouped catch
term. The value of catching an additional fish is arbitrary in this context and not
informative. Separating the catch is also maigable for estimating regulation impacts

becauseegulations affect the composition of catch, not total catch.
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Based on anecdotal evidence from focus groilnesyariable Otrip lengthO is
modeled as a quadratic function to show that anglers enjoy lamggewith decreasing
marginal utility due to increasing opportunity costs of time. Because shore anglers
(Sample A) received a version of the survey that did not include trip length unlike for
hire anglers (Sample B), this variable is interacted with andyymdicating forhire
(Sample B) inclusion status.

DiminishingMarginal Utility of Catch

Though some previous studies utilize interaction terms Dagw et al, 2010;
Hicks, 2002 Oh & Ditton, 2004; Otet al, 2005; Paulrud & Laitila, 20Q4very few lave
explored nonlinear specifications for catch. The linaazatch(LIC) utility models
outlined above assume constant rates of substitution between income and catch, which
may not best represent angler utility. A nonlineacatch(NIC) model allows fo
diminishingmarginal utility of catclandmay be more appropriatehdugh a loglinear
transform is possiblehé following malel uses the square root of catch as in previous
fisherystudies (e.gDaw, 2008;Haab, Hicks, & Whitehead, 2005; Hicks, Haé&b,

Lipton, 2004;Lipton & Hicks, 2003 Silvestre, 1998

g UL JOHEWHS )y U B (7 IMHS%"R) g
L Ba (LI #$% WHS ) js + 11 /(L™ H#$% I"#"$%"&) 1
D1 O ##SUHS ) | 1)/ (pollockI"#I"HIS ) s
D [t #8%h) 1y X for!l ire; |
LBy [(rip""#$98 )y | 1"t 11 1"H, ]2! Ly (e g )jns

D1 o(MHSIHE ) 1 L s (3.10)

The marginal WTP estimates for catch differ from the linearatchspecification in that

the ratio of partial derivatives is no longer constant:
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(3.11)

First-Hand Knowledge of Fishery

Because it was not possible to{3@een respondés prior to mailing the
surveys, the first few questions asked respondents to indicate whether or not they had
fished for the three species in the survey in the last year and in the last five years.
Initially, these questions were designed to be screaniagtions to eliminate
respondents who had not had direct experience with the species in the survey; however,
most anglers who found the survey irrelevant either refused or did not respond to the
survey. The anglers who responded to the survey but d&tatethaving any direct
experience with any of the species in the past five years form an intriguing jhage.
individuals are not users of the fishery as they stated lack of experience with the fish in
the survey, yet insisted on expressing their iopis on the subjecMarginal WTP
estimategrom the nonexperienced grougre difficult to interpret anchight represent
existence ononuse values, option values, or latent effort valdé&e meaningof the
MWTP estimate for this sampig unknown becae there is a possibility that these
species are not in the respondentsO choicé&séttaates for the latter sample should be
smaller than the marginal WTP estimates for those with direct experience.

Shore Versus FeHire

The previous models uda pool@ dataset including both shore (Sample A) and
for-hire (Sample B) respondents. As explained in earlier chapters, shore fishermen are
less likely to encounter these species due to biological preferences for colder, deeper

waters.Table28 shows the proportion of anglers reporting experience with the species.
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Table28. SeltReported Species Familiarity by Fishing Mode

Species Shore For-Hire
Cod 44% 56%
Haddock 31% 47%
Pollock 28% 47%
Any of the3 Species 51% 71%
All 3 Species 21% 38%

The high proportion of individualsom shore mode havindjrect experience
with the three specias surprising, considering only 19% of shore anglers reported being
multi-mode fishermen. Shore anglers typicdlgwve smaller expenditures per trip than
boatmode anglers so comparing model results for the two differerpaoilations
should show different preference structures.

Alternative Econometric Specifications

Conditional logits are restricted by the assumptioni.df error terms, which
implies 1A, which meansghatthe ratio of probabilities of any two alternatives is
independent of any alternatrgpecific characteristics for all other alternatiaesl is

constant regardless of the presence or absence of any additional alternatives:

e, M (B
) expé !1-:3! expl(! Ly =1 kns). (3.12)

Most studies that relax the.d. assumption do so using nested logits (Hicks,
2002; Kaoru, 199; Milon, 1988;Morey, Waldman, Assane, & Shaw, 199%he
primary theoretical reason behind this practice is the assumption that anglers first make a
decision about going fishing, and then make choices regarding particulabtitigsme
studies suggeshat the nested logit is inferior to singdeep conditional logit modefsr
recreationapaticipation decisions (Adamowicz, Swait, Boxall, Louviere, & Williams,
1997) Neither anecdotal evidence nor quantitative evidence supports a nested logit for

this application. Nested logit models estimated from this data did not pass consistency
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conditions outlined by Herriges and Kling (1996) and Kling and Herriges (1995), ruling
out this specification as a viable alternative.
A differenteconometric specificatiomvolves introducingystematic

heterogeneity in the error temnsing the fact that the GEV distribution is characterized by
both a location parameter and a scale fadibe scaldeterogeneity model, or
heteroscedastic logidoes not explicitly capturall of the heterogeneity in a dataset per
se; rather, the scale factor implies a proportional scaling of the vector of utility weights
across respondentsth idiosyncratic error tersbeing larger for somanglers than for
others. Explicitly rewritingequation3.3 with the scale parametegives:

Upns=!Xns+ /it " n=1,E N;j=1,E Js=1,E S (3.13)
The scale factor is inversely proportional to the variance of the erro(ﬁerm

/! g). Usually, the scale parameter is normalized to loeeausét is not possible to

identify both! andy. If the scale parameter is allowed to vary by individual, then
Equation3.13 can be rewritten as

Upns= (th! YXjns + /jns " N=1,E, N;j=1,E, J;s=1,E, S (3.14)
with the error term now distributed i.i.d. GEV with variasicé= (' /! ). From
Deshazo and Fermo (2002) and H&@6{?), the scale factor is represented as an
exponential functioto force the scale parameter to be positive (error terms are positive,
soscale parameters must be positive across all subpopulation groups)

w ()N (3.15)
C, represents a vector ofindividual characteristics and the vectimeasures the
degree of influence dZ, on the error variance. This specification is convenient as it

allows for nonlinearity and convess.
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When the only contribution to heterogeneity in error terms can be fully described

by a scalgparameterMWTP is not affected. Rewritingquation3.5 gives

. N T T
I .
* 0 fap (@ rttes e )T it

(3.16)

T
under the assumption thatis a scalar term and the utility function is lingar
parametersMWTP for theNIC utility function specified irEquation3.10is also

unaffected:

o (r#wag) , Lal (i—(! "% S )-1/1)
3 / ’ N
" rh
(e s )t

"HS ) ry s !

(3.17)

Though the MWTRunctionis nonlinear, the scale factor cancels out.

This parametric specification for heterogeneity allows for heterogeneity in
coefficients but does not affect MWTP because attribute and price coefficients are
simultaneously scaled by the same parameter. That is not to saif #mgflers havéhe
same chice probabilities; diferences in attribute sensitivities are fully captured by the
scale heterogeneity model. For example, the derivative of the choice probability with

respect to trip cost is

PACReD g ) Y Gl )] (3.18)

A
As!, I 1 the deterministic portion of the utility function decreases in relative
importance, the error terhys dominates, and price sensitivity approaches zemglers
with larger scale parameters will exhibit bigger demand changes thignsangh small
scale parameters, but it is possible for two anglers to have the same MWTP for an

attribute with different choice probabilities.
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Though many recent studiesnomrmarketvaluation have employed mixed logits
for describing sample heterogeneity, critiesrearguel that mixed logits are poorly
representative and far less parsimonious than scale heterogeneity specifications (Louviere
et al, 2008). More specifically, if regmdent preferences closely resemble lexicographic
preferences, then scale heterogeneity models are better at explaining resulting behavior
(Fiebig, Louviere, Keane, & Was2010. Individuals with lexicographic preference
strucures appear extrentiyy consstently ignoring a majority of the attributes in each
choice setFor example, an individual would be interpreted by the model as being
extreme relative to other respondents if he always chooses trips with the most haddock
regardless of the values of otlatributes Scale hetergeneity models capture extreme
behaviors through large scale parameters, wdlichv a few attributes to drive choices
andindicate little randomness observedehavior. For the same reason, scale
heterogeneity magls are bettesble to explain randoinehaviors than mixed logit
modelsby putting more explanatory power in the error term than in the model
parameters.ndividuals wth a seemingly large amount of randbehaviorare assigned
small scale parameters

Additionally, scaleheterogeneity models are more computationally feasible.
Though mixed logit and scale heterogeneity models perform about the same when
responses are well behaved, reliance on residual taste heterogeneity alone severely
restricts the information available mixed logit specifications and limits the modelOs
ability to adequately explain extreroerandomcircumstances (Fiebigt al, 2010.

Many mixed logit specifications are too resoudntiensive to be estimated using the
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average commercially available cpuater or have convergence problesjf! ek &
Pectkovi, 2010) and researchers often compromise theory to achieve empirical results.
Given thatmany recreational anglers report making fishing decisions based on

very few factors, scale heterogeneity modelsm most appropriate for understanding
heterogeneity in this applicatioBeveral different scale heterogeneity models are
estimated assuming that error terms are similar or correlated among subgroups in the
study sample. Heterogeneity based on the twmufation differences identified
previously, mode and direct experienaee estimated. Additionally, heterogeneity based
on angler avidity is also explored. The scale factor for this model is estimated as a
function of number of trips taken over 12 mondlssreported by the respondent:

Ujns = [tn ((# tripS)n) ! ] Xjns + /jns. (3.19)
A more detailed, or cumulativecale heterogeneity model is also estimated to minimize
misspecification and identify residual effeftsm multiple sources of heterogeneity.
This model incorporates all surventified population differences (mode, knowledge
of species, avidity) and soeeconomic demographic variables:
("#$%&"#1$%!&" ),

(),

Ly (0 1459, LY jrr b Y
(""#$%&'( ! I"#),

(3.20)

Results

Inclusion of Regulatory Attributes

FromTable29, Model 1 follows classic conjoint techniques by utilizing all
attributes shown to respondents in @fs. Some of the estimated parameters behave as
expected: kept fish have a higher weight for cod and haddock than released fish, but both

types of catch are considered valuable to anglers. It is puzzling that released pollock is
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more valuable than kept podl, though this could be due to high levels of excitement
during capture and distaste for comgation of the fish. With regartb species

importance, cod has the greatest value to recreational anglers in this fishery, followed by
haddockandthen pollock as predicted. Trip cost is significant and negatgeexpected.

For the tables in this chapterpNODbs. is the total number of items (alternatiaag)No.
Groups is the number of clusters used in computing the standard erromh{®) equals

the numler of individualsModels in this chapter cluster observations by individual to
control for correlation in responses by specific individuals unless noted otherwise.
Differences in parameter estimates betweenatastered and clustered models aot
statstically significant.

Table29. Analysis of Regulatory Attribute Inclusion

Variable Model 1 Model 2 Model 3

# Codkept 0.0688(0.006616) " 0.0631 (0.00478) 0.0648 (0.00470)

# Cod eleased 0.00277 (0.00948" 0.0250(0.00608) " 0.00938 (0.00526)

# Haddock kept 0.0595 (0.00502) 0.0614 (0.00499) 0.0645 (0.00472)

# Haddock released 0.0254 (0.00892) 0.0286 (0.00719) -0.00377 (0.00588)

# Pollock kept 0.00614 (0.0127) 0.0201 (0.0118) 0.0260 (0.00796)

# Pollock released 0.0509 (0.0219) -0.0210 (0.0115) -0.0694 (0.00983)

Bag limit cod 0.0386 (0.00775) 0.0540 (0.00566) N

Bag limit haddock 0.0240 (0.00816) 0.0247 (0.00619) N

Bag limit pollock 0.0767 (0.0145) 0.0307 (0.00928) N

Min. size limit cod 0.0223 (0.00730) N N

Min. size limit haddock  0.0166 (0.00707) N N

Min. size limit pollock -0.0130 (0.00934) N N

Trip length! For-Hire 0.182 (0.0191Y 0.182 (0.0190Y 0.188 (0.0181Y

(Trip lengthf ! ForHire -0.00928(0.00133)"  -0.00914 (0.00133]  -0.00987 (0.00128)

Trip cost -0.00557 (0.000131) -0.00550 (0.000130) -0.00549 (0.000128]j

Optout -0.0740 (0.148) -0.356 (0.0776) -0.710 (0.0604)

LR ("9 4,986.0° 4961.8" 4,869.0°

No. Obs. 39,151 39,151 39,151

No. Groups 1,214 1,214 1,214

MWTP Cod $12.36 $11.48 $11.79
(10.31, 14.24) (9.55, 13.25) (9.88, 13.55)

MWTP Haddock $10.69 $11.18 $11.75
(8.83, 12.39) (9.32, 12.88) (9.92, 13.37)

MWTP Pollock $1.10 $3.65 $4.74
(-3.27,5.76) (-0.45, 8.15) (2.02,7.74)

“p<.01,"p<.05 p<.10.
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The interpretation of the parameters on the two management variables, bag limit
and minimum size limit, is challenging. Though the positive sign on bag limits is
expectedthe magnitude of the parametdor bag limits is notAnglers should be
happierwhen allowed to keemore fish, butlie empiricaimodel shows that anglers
place higher utility weights on the bag limits for pollock than they do on the cod and
haddock they are keeping, which contradet&lence from ongoing research at NMFS
showing that bag limits have little or no impact on anglersO decisions to take fishing trips.
These parameter estimates are not sensible.

The coefficient on minimum size is equally inexplicable. Raising the minimum
size limit decreases the probability of keeping fish caught and anglers should consider
increases undesirablEhree explanations are possible. The justifications used previously
in the literature (Hicks, 2002) are ttihe survey population contains an gaally large
proportion of conservatiominded anglers that believe in preserving juvenile species, or
respondents are interpreting minimum size as a quality variable indicating the size of fish
they are catching or keepingnother possibility is that ahgrs do nokeepsmall fish
regardless of regulations, sereases in the minimum size aesirablegpersonal
communicatn, S. SteinbackMarch18, 201). In species such as black sea bass, the
minimum size could be 12Butbecausenglerswill not retain anything smaller than
160, increasing the minimum size limit from 120 to 160 is actgadable to the
anglers None of these explanations are plausible in this case. The first two explanations
are not supported by feedback from survey respdadard focus group participants. The
third explanation cannot be true in this case because the smallest minimum sizes included

in the survey are well above what is considered a small, inedible groundfish.
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The positive sigron minimum size limitss a comma phenomenon in models
where only oneegulationsize variable is specified (A&s al, 2000; Hicks, 2002) even
though this result contradicts rational behav&lot limits, where both a minimum and
maximum size limit are specified in the regulationndt appear to suffer from the same
estimation problems (O& Ditton, 2004; Oh et al., 2005yhough authors have
attemptedo work around this estimation failuby interacting minimum size with other
attributes, such models make it difficult to isolate #ffects of policy changes on angler
behavior.For example, Hicks (2002) used an interaction between minimum size and
catch, Paulrud and Laitila (2004) combirsze and catch as one attrihutde
interaction terms complicate policy analysis, as ass@m@bn the interacted valles
may be restrictive. Dorowt al (2010) reclassified the minimum size into a series of
dummy variables, but half of the parameters still had negative signs. Additidnadyy
transformationsreimpractical for considerm policy changes outside the possibilities
included in the survey.

Model 2 inTable29is slightly more sensible than ModelAs in Model 1, the
value of the relative species decreases from cod to haddock to pblbthkere are
several differences, the most notabkingthe negative coefficient on released pollock
and the relative worth of kept pollock. The first ressilinoreconsistentith anecdotal
evidence as catching and discarding an undesirable fish pseduable time and

resources that could be devoted to catching more desirable spéeesiative worth of

kept pollock is roughly onthird that of cod and haddock, which makes more sense than

the miniscule and statistically insignificant parameteviodel 1. There are only

marginal differences in the parameters for trip cost and trip length, boptoeat
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constant is now statistically significant and markedly more negative, which reflects the
010d ratheefishingO attitude of most recreational lansg)

The magnitude of the bag limit parameters in Model 2 is still puzzling. Though it
is possible that anglers consider the bag limit for cod in making trip decisions almost as
much as they consider the number of cod kept, it isastdurdto think tha anglers
would weight bag limits for pollock more heavilyanthe number of fish caught.

Model 3 inTable29 does not include any regulatory attributiesthis model,
releasing pollock is as undesirable as it is to keep cod or hadsleokcod and haddock
have very similar values. Though more stringent regulations were imposed on haddock
recently and could have artificially inflated the resource values tempotasigrically
haddock has been slightly less desirable than cod and the likelihood of the value of
haddock being equal to the value of @®celatively slim. Even if the value of haddock
per pound were equal to the value of cod per pound, the differen@amfrah sizes
would imply a higher valuation for one cod relative to one haddock.

DiminishingMarginal Utility of Catch

Table30lists the results fothe NIC (Model 4)utility model Model 3(LIC)
results are showagainfor ease of comparison. Model 4 hasgher likelihood ratio
score foridenticaldegrees of freedom. The trends in estimated parameters for catch are
similar to thosen Model 3 butcatch variables aneeightedmore heavilyrelative to
other attrilutesin Model 4 than in Model 3and the opbut coefficient is much smaller in
Model 4 Accounting for diminishing marginal utilities reduces the magnitude of the opt
out parameter, which is more sensible because fishing attributes should have higher

importanceweights than the ogiut alternativeThe parameter estimates for trip length
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and trip cost are not affected. Model 4 is as statistically significant but more theoretically

appropriate and will be used in all subsequent analyses.

The welfare estimates for Model 4 are calculated at the average value of the

hypothetical catch vector, 4.5 fish. Though there are slight differences, the confidence

intervals of the WTP estimates for Model 4 overlap with those of Model 3. Differences

between the average WTP estimates are not significant despite marked dissimilarity in

the construction of the theoretical model.

Table 30. Marginal Utility of Catch AnalysisLIC vs NIC Utility Functions

Variable Model 3(LIC) Model 4 (NIC)
# Cod kept 0.0648 (0.00470)" —
# Cod released 0.00938 (0.00526*)** —
# Haddock kept 0.0645 (0.00472) —
# Haddock released -0.00377 (0.0058*8*2 —
# Pollock kept 0.0260 (0.00796) . —
# Pollock released -0.0694 (0.00983) — .
[(# 1"#$) — 0.296 (0.0199)

V' "#'$%"Q — 0.0567 (0.0201)™"

("HHS%&IHS ) — 0.257 (0.0189)"
J/(Haddock!"#"$%"8 — -0.0119 (0.0210)

V ('#HE S HS )
 (Pollock!!"#'$%"8
Trip length | For-Hire

0.188 (0.0181)™"

sk

0.126 (0.0312)
-0.211 (0.0344)™
0.183 (0.0180)""

(Trip length)® ! For-Hire -0.00987 (0.00128)""  -0.00978 (0.00128)""
Trip cost -0.00549 (0.000128)™"  -0.00550 (0.000130)""
Opt-out -0.710 (0.0604)”™" -0.199 (0.0812)"
LR ("9 4,869.07 4,898.5
No. Obs. 39,151 39,151
No. Groups 1,214 1,214
MWTP Cod $11.79 $12.67

(9.88, 13.55) (10.77, 14.42)
MWTP Haddock $11.75 $11.00

(9.92, 13.37) (9.30, 12.53)
MWTP Pollock $4.74 $5.39

(2.02,7.74) (2.92, 8.16)

E3

“p<.01, p<.05 p<.10.

First-Hand Knowledge of Fishery

Results for the models separating the survey sample into groups based on recent

species experience are shown in Table 31. The keep parameters in Model 5, the sub-
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samplewith direct experience, are higher for cod anddazk than in Model 6, but the

release values are higher in Model 6. The opposite is true for pollock. These results are

intuitive becauseanglers without direct experience of the species are more likely to value

the species equally and possibly place neon@hasis on releasing fish (as is common in

sport fisheries)Also, the optout coefficient is almost double in Model 5 what it is in

Model § indicating greater preference for fishing than other activities.

Table31 Species Familiarity Comparison: Direct vs. No Experience

Variable Model 5 (Exp.) Model 6 (No Exp.)
JOU# 5$) 0.317 (0.0236) 0.254 (0.0372)
JO#F #$% 0.0471 (0.0236) 0.0967 (0.0384)

0.273 (0.0229Y
-0.0176 (0.0251)
0.103 (0.0374Y
-0.220 (0.0411Y

0.160 (0.0226)
-0.00796 (0.00157)

+/ (Haddock!!"#$)

V ("HHS% &N H#'$%"Q
V(HEE S #$%" ]
Trip length! For-Hire
(Trip length¥ ! For-Hire

0.221 (0.0346)
0.000886 (0.0396)
0.149 (0.0579Y
-0.148 (0.0644)

0.170 (0.0303Y
-0.0103(0.00225)"

Trip cost -0.00554 (0.000153) -0.00543 (0.000254)
Optout -0.559 (0.1007" 0.291 (0.143)
LR ("9 4,358.8" 935.37"
No. Obs. 27,803 11,348
No. Groups 840 374
MWTP Cod $13.45 $11.01
(11.22, 15.52) (7.42, 14.36)
MWTP Haddock $11.61 $9.60
(9.59, 13.44) (6.47, 12.45)
MWTP Pollock $4.37 $6.47
(1.44, 7.68) (1.80, 11.73)

“p<.01,"p<.05 p<.10.

Though there is some overlap in WTP values, the confidence intervals for Model

5 are much tighter than in Model 6. This midetly reflects the uncertainty or ambiguity

in assigning values to these fish for anglers who are not intimately familiar with the

fishery. The values for anglers with direct experience are also higher for cod and haddock

and lower for pollock than for giers without recent direct species experience.
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Shore Versus FeHire

Table32lists the results for Model 7, shore anglers only, and Model $ifer
anglers only. Though a large number of shore anglers reported having fished for at least
one of the three species in recent years, shore fisipipgars to bthe primary mode for
theseanglers given the deflatedtchparameters in Model 7 compared to ModelBe
variation in preferences due tolittle evidence of persistent mode switching in the
survey sample anelcological preferences tie fish WTP confidence intervals are oiu
broaderin Model 7, reflecting value uncertainty due to limited interactions with the fish.

Table32. ModeComparison: Shore Anglers For-hire Angler Responses

Variable Model 7 (Shore) Model 8 (For-hire)
[ %) 0.190 (0.070¢" 0.304 (0.0208)
[ T#'$%"8 0.0911 (0.0774) 0.0650 (0.0209)
[T HES%EIHS ) 0.169 (0.0586) 0.269 (0.0202)
\/(!"##$%&!!"#"$%"& -0.0377 (0.0756) -0.00579 (0.0220)
[T HESHHS ) 0.107 (0.120) 0.105 (0.328§
J(Pollock"#'$%"§ -0.172 (0.127) -0.181 (0.0364)
Trip length N 0.124 (0.0212¥
(Trip length¥ \ -0.00608 (0.00146)
Trip cost -0.00571 (0.00116)  -0.00540 (0.000137)
Optout -0.249 (0.218) -0.341 (0.0917Y
LR (19 113.8" 4818.7"
No. Obs. 3,045 36,106
No. Groups 134 1,080
MWTP Cod $7.86 $13.29
(1.88, 15.59) (11.26, 15.16)
MWTP Haddock $6.96 $11.75
(2.35, 12.56) (9.90, 13.40)
MWTP Pollock $4.41 $4.59
(-5.27, 15.48) (1.94, 7.57)

%

"p<.01,"p<.05 p<.10.

Alternative Econometric Specifications

Tables33 and34 list the results for the scale heterogeneity models. Larger scale
parameters indicate smaller variances and steeper probability functions, which implies
that the utility functions are better defined (fégure3 from Chapter 2)The scale

parameter in theinglesource heterogeneity model for direct experience, Modeablé
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33), is both statistically significant and positive. Anglers with diesgierience have

better defined utility functions with smaller variances, which is consistent with Model 5
(direct experiencgroupmodel inTable31). Thedirect experiencecale parameter

retains its magnitude andgsificance in the multiplsource heterogeneity model, Model
12 (Table34), indicating significant differences in angler behavior, and the effect
dominates all other scaled heterogeneity effects.

Table33. Scak Heterogeneity Models: Single Heterogeneity Source

Variable Model 9 Model 10 Model 11
("# Tkept) 0.202 (0.0154) 0.296 (0.0199Y 0.306 (0.0206)
[T T#'$%"Q 0.0368 (0.0136) 0.0565 (0.0201Y 0.0700(0.02085"
[T HES%EIHS ) 0.174 (0.0145) 0.256 (0.0190) 0.270 (0.0200)
JHSURNES%" -0.00881 (0.0142) -0.0120 (0.0210) -0.00586 (0.0219)
[T HESHHS ) 0.0763 (0.0214Y 0.126(0.0312§" 0.107 (0.0325)
J(Pollock "#'$%"§ -0.140 (0.0240Y -0.211(0.0345§" -0.181 (0.0361)
Trip length! For-Hire 0.114 (0.0134Y 0.183(0.0180§" 0.127 (0.0206)
(Trip lengthf | ForHire -0.00595 (0.000914)  -0.009780.00128]"  -0.00625 (0.00143)
Trip cost -0.00364 (0.000168) -0.00550(0.000130Y"  -0.00546 (0.000137)
Optout -0.204 (0.0555)° -0.199(0.0812)° -0.341 (0.0893)
| (Direct Experience) 0.503 (0.0440) N N
| (# Trips) N 0.000130 (0.000489) N
| (Shore) N N -1.502 (0.0594)
LR ("9 164.14" 0.1 50.38"
No. Obs. 39,151 39,151 39,151
No. Groups 12,203 12,203 12,203
MWTP Cod $13.04 $12.67 $13.23
(11.10, 14.85) (10.77, 14.42) (11.38, 15.08)
MWTP Haddock $11.25 $11.01 $11.66
(9.48, 12.82) (9.31, 12.53) (9.85, 13.46)
MWTP Pollock $4.93 $5.40 $4.60
(2.35, 7.76) (2.92, 8.16) (1.84, 7.36)

“p<.01,"p<.05 p<.10.
No. Groups indicates the number of unique observations for the scale parametersvariable

The scale parameter for avidity in Model T@&ble33), as measured by number
of trips reported for the previoushing season, is not statistically significant and the
singlesource heterogeneity model is not wedtimated; howevett, is statistically
significant in Model 12Table34), the multisource heterogeneity model. The sigrheaf

avidity parameter is negative, indicating that more avid anglers have greater variance in

78



behavior and individual trips are less likely to affect the overall utility of their fishing

season. For highly avid anglers, this parameter dominates all other heterogeneity effects.

Less avid anglers probably consider the attributes of an individual trip more carefully

because individual trips have more weight on the total utility of a fishing season.

Table 34. Scale Heterogeneity Models: Multiple Heterogeneity Sources

Variable

Model 12

V(' HS)

V(" MH$%"8
JOHHES%&I"#$)

V ("HES% &N H#'$%"Q
+/ (Pollock!!"#$)
V(HEE S #$%"Q
Trip length ! For-Hire

0.201 (0.0227)""
0.0431 (0.0137)""
0.172 (0.0206)"
-0.00357 (0.0139)
0.0627 (0.0217)""
-0.116 (0.0255)™"

0.0833 (0.0150)"""

(Trip length)* ! For-Hire -0.00409 (0.000971)""
Trip cost -0.00346 (0.000335)""
Opt-out -0.266 (0.0615)"
I (Direct Experience) 0.517 (0.0460)"
! (# Trips) -0.00200 (0.000703)"
! (Shore) -0.517 (0.102)"
l (Income) 0.0357 (0.00814)™"
I (Age) -0.102 (0.0222)™"
| (Non-White) -0.183 (0.0627)""
LR ("9 270.83"7
No. Obs. 39,151
No. Groups' 12,203
MWTP Cod $13.65

(11.80, 15.51)
MWTP Haddock $11.72

(9.90, 13.54)
MWTP Pollock $4.27

(1.50, 7.05)

E3

“p<.01, p<.05 p<.10.

" No. Groups indicates the number of unique observations for the scale parameter variables.

Model 11 (Table 33) includes a scale parameter for shore anglers. The coefficient

is negative and statistically significant and consistent with Table 32, indicating that the

utility of shore anglers is not as well formed for this fishery compared to anglers from

other modes. Coincidentally, the parameter for shore anglers is equal to but opposite in

sign of the scale parameter for direct experience in Model 12 (Table 34), meaning that

direct experience nullifies the shore effect (and vice versa).
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Model 12 Table34) also captures hetegeneity in respondent demographics.
Older anglers have smaller scale parameters. The apparent increase in randomness for
this subpopulation could be attributed to decisweaking processes dictated by factors
not included in this study, such as the oppaity to socialize or general enjoyment of the
outdoors. Norwhite anglers alshave more randomnedsut his result may be biased by
the skewed ethnic distribution of the datdsstause only 7% of the respondents reported
being nonwhite. Higher incomdevels are correlated with more defined utility functions
Higher income angleraremore certain of their choices becatiseir option sets are
broader and are more experienced with a wider range of alternatives

Figures 4 through 7 illustrate the effeftthe scale parameters on choice
probabilities with specific demonstrations of age, income, and avidity effe¢igjures

5 through 7The graphs exhibit signs Gked-pointtheoremwith expected erroof zero.

Effect of Heterogeneity on Choice Probability

©c o o o o o o
w » U o N ® © r

Heterogeneous Probability Value
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0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Homogeneous Probability Values

----- Experience ‘- #Trips Shore Income Age Non-White

Figure 4. Changes in choice probability after accounting for sources of heterogeneity
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Effect of Heterogeneity on Choice Probability: Avidity
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Figure 5. Changes in choice probability after accounting for angler avidity (#.trips)

Effect of Heterogeneity on Choice Probability: Income
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Figure 6. Changes in choice probabilifter accounting for respondent incame
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Heterogeneous Probability Value

Effect of Heterogeneity on Choice Probability: Age
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Figure 7. Changes in choice probability after accounting for respondent age

The MWTP confidence intervals computed for Model 12 overlap with those of

the nonheterogeneous model (Model 4). The mean and confidence intervals for cod and

haddock are slightly higher in Model 12 than in Model 4, but the opposite is true for

pollock. Though scale parameters do not affect MWTP, the estimated parameters for the

heterogeneous model are not equal to the parameterstaitiegeneoumodel.

Conclusion

Stated preference models of recreational angling in the literature vary greatly

despite havig many commonalities in attributes and theory. This chapter addressed

several different specifications usiff: data collected for a recreational meat fishery in

New EnglandNonlinear utility specificationsllow for diminishingmarginal utility of

catchand fit this particular dataset better than linear utility specifications. Anglers with
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first-hand encounters of the species in the survey have more defined utility functions, as
seen in the greater divergence in parameter estimates for the three sgecleaffects
outcomes of demand analysis. Additionally, the confidence interva&/amP for

anglers with direct experience are much tighter and have higher mean values than for
anglers who have not targeted or caught any of the three species in igiceyt ihough
anglers appear to assign value to all fish species, studies incorporating results from all
survey respondents will likely have lower and more variable valuation estimates than
those that exclusively target anglers with relevant fishery eque. This result is also
supported by the comparison of models using shore anglers versus boat anglers. For this
fishery, shore anglers are unlikely to encounter the species and there is a definite
divergence in both estimated parametersvagifare measresbetween the two modes.
Including respondents from irrelevant modes or those with no direct species experience is
problematic for policy analysis as the meaning of obtained values is indeterminate.

Scale heterogeneity models show that there are stedctlifferences between
respondent types based on mode, experience, avidity, and socioeconomic demographics.
Whereaghe MWTP results for additional fish kept in the heterogeneous models are not
statistically different from those for homogeneous modeéspdrameter estimates are
significantly affected by differences in angler avidity, species familiarity, mode, and
socioeconomic demographics. Researchers interested only in MWTP estimates can use
homogeneoumodels without significant loss of informatidmpwever, any analyses
requiring knowledge of demand changes or attribute sensitivity require the use of
heterogeneous models. Accounting for sources of heterogeneity will signifiaéetty

assessmestof recreational fisheries
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Recreational values of spies caught primarily to supplement dinner tables
should be approximately equal to market values for those fish (Wheeler & Damania,
2001).Price comparisons of recreational values anglessel prices are commonplace,
but incorrectldeally, price compasions should be made between recreational values and
retail values for these fish because anglers are assumed to purchase fish for the dinner
table if an inadequate number of fish are caught during the trip; however, retail data for
these fish are not avabblle A recent FAO document estimated thatwhenlesaleprice
for codin the USis approximately67% of the retail price (Gudmundsson, Asche, &
Nielsen, 2006)Thewholesalevalueof codbased on the NMFSBishery Market News
reports is generally $33 perpound. At an average recreational catch sizelb$.7 the
approximate retawalue per fish kept would be $EB1 using the FAO conversion
which isslightly higher tharthe ranges obtained using the stated preference data for an
averagesized catch b&et. Haddock, which hovers around $1.50 per pound wholesale,
and pollock, at $0.50 per pound, are both approximately $7 for the average fish (3 Ibs.
and 10 Ibs., respectively)he recreational values computed using the stated preference
data are much high forhaddock($7-$12/fish), suggestingdditional recreational values
associated witlhhaddockishing or the perception that haddoclsearcethan cod

This chapter also addressed the theoretical debate in the literature regarding the
inclusion or exalsion of regulatory attributes in modeling stated preference discrete
choice data. Though stated preference surveys present anglers with information regarding
potential management scenarios, fisheries management tools should not be included
directly as exfanatory variables in models of fishing behavior. The inclusion of such

variables in stated preference models produces perplexing and inexplicable results. Bag
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limits and size limits result in nonsensical parameter estimates or may appear to be
misinterpréed by respondents as quality variables in these regresRiEmgations
(minimum size limits and bag limitgind to at random as a consequence of the
uncertainties in trip catciind shouldhereforeenter the anglerOs utility function
indirectly throughchanges in the distribution of catch. Additionally, most anglers
consider keep, total catch, cost, trip length, and weather to be the most important aspects
of recreational fishing.

Traditional stated preference modétsnot addresishing preferencesrpperly
by including regulations in empirical specificatidrecause¢he supporting theory is not
realistic. Stated preference modelers should consider that few revealed preference studies
of recreational angling explicitly incorporate management ternystddgbe presence of
variations in regulations and follow those examples more clo&diyittedly, some
applications do not have sufficient variation in regulations across observed time periods
to generate solid reveal@deferences, and revealed prefeeedata does not allow for
observations of new and proposed regulations; however, these facts alone do not
necessarily support the explicit inclusion of regulations in stated preference models.
Chapter 4 outlines a bioeconomic method for estimating thecingpaegulation changes

withoutrequiringa RUM thatexplicitly includes management variables.
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Chapter 4: Policy Analysis Through Catch Simulation

Introduction

Policy makers continually strive to understand the effects of fisheries
management on rectéanal angling because consequences are often difficult to measure.
Whereas commercial fisheries in the United States are subject to mandatory data
reporting ancevencompulsory observation, recreational fisheries dataften scarce
due to reliance onrhited collections of voluntary information. Furthermore, recreational
anglinginvolves choosing among alternatives with random outcomes. Attributes of
recreational angling activities, chiefly catching fish, are known only after the fishing trip
has occurd.Inherent differences in angler skills and environmental factors may
influence results, but catch is mostly random. The stochastic natilre cdtch on
recreational anglingips complicateseconomicanalyse®f fisheryregulations.

Traditionally, receational fisheries have been managed using a combination of
season or area closures, bag (creel) limits, and minimum size limits. These policy tools
aredesigned to control catch, but also nmaguce changes in angler behavior; however,
guantifying the rsults can be challenginBecauseatch israndom bag and size
restrictions are not necessarily binding on every Aiglers may not be affected by
regulations on their fishing trips because that depends entirely on the fish that are caught
which increases the difficulty of measuring the economic impacts of regulation changes.

Fourpossible angler responses to changes in regulation levelsfAngdtrs may
not be affected by regulations either before or after the change. For example, let the bag
limit be 10 fish in March and 15 fish in August. An angler who only catches 7 fish during

trips in both March and August is never affected by bag limits and the bag limit has no
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impact on the anglés behavioA second possibility is that anglers are alwayscéd
by regulations. If the angler always catches 20 fish, the angler would be affected by the
decreasedestrictions and respond accordingly. It is also possible that anglexSeuted
by only one set of regulations and not the atAerangler that atches 7 fish in March
and 20 fish in August might feel that regulations became more stringent because the bag
limit did not bind in March (no effect), but did bind in August (affected trip outcomes).
On the other hand, an angler that catches 12 fish nelMand August would perceive
that regulationsvere more relaxed because the regulations were binding on the first trip
but not the secon@®utcomes of regulation changes dependhe degree to which
regulations bind and the impact of binding regulatiomsngler behavior

Many economists have tried to assess the economic impact of regulatory changes
in recreational fishingAaset al, 2000; Gentner & Lowther, 2002; Gillis & Ditton, 2002;
Hicks, 2002; Layman, Boyce, & Criddle, 1996; Lew & Seung, 201G9dg, Newbold,
& Gentner, 2006; McConnell, Strand, & Blakiedges, 1995; Oét al, 2005; Paulrud &
Laitila, 2004; Olaussen & Skonhoft, 2008; Ruliffson & Homans, 1$e8uhmann,
1998; Scrogin, Boyle, Parsons, & Plantinga, 2004; Whitehead & Haab;, \A@@flward
& Griffin, 2003). Stated preference methods are popular due to inherent flexibilities
Researchers are free to pick any number of attributes and attribute level comhinations
and data deficiencies are easily addressed. Angler preferences andrisdbavirtually
any application can be analyzed using a wide range of attribute levels. In stated
preference studies, the economic loss (or gain) from a change in regulations is typically
estimated using the relative value of a marginal change in tegiddrom an all

encompassing conjoint model (Aasal, 2000; Gentner & Lowther, 2002; Gillis &
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Ditton, 2002; Hicks, 2002; Lew & Seung010; Masset al, 2006; Ohet al, 2005;

Paulrud & Laitila, 2004); however, as demonstrated in the previous chapte
complications often arise when estimating coefficients for bag and size Tiimésole of
regulation in angler choices among alternatives should be limited to the impact on the
primary services valued by anglers. When anglers care about the nurfibertioéy

keep, a bag limit would affect their choices if it were constraining. If anglers care about
the catch only, then bag and size limits would have no impact.

Revealed preference methaday not be feasible for estimating the impacts of
regulations a behaviotbecause policy variations may not be available stohic data.
However,a few studies have addressed both policy changes and randomness in catch
using revaled preference RUMs (McConnell al, 1995; Schuhmann, 1998; Whitehead
& Haab, 1999)McConnellet al (1995) postulatkthat regulations affect angler utility
indirectly. Rather than directly including policy changes in the RUM, they sugjbst
bag limits affecthedistribution of catchThe anglerOs expected mean catch is altered
through changes in the shape of the distribution curve imposed by different regulations,
thereby altering angler behavior under the RUMe economic impact of a change in
bag limits can be obtained by evaluating the RUM for different distributions of catch.

This chapter expands the framework outlined in McCoretell (1995) to
include minimum size regulations. The effects of fisheries management on random catch
are examined. Consequences of policy changes are analyzed using simulations of fish
catch; howeer, unlike other catch simulation studies, the model used in this chapter is
based on a RUM from a stated preference survey and incorporatelassipomass

predictions fromstockassessment tools.
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Randomness, Catch, and the Utility Function

Typically, applications o0RUMs assume that attributes are known with certainty.
Fishery applications are problematic becazetehoutcomes are randoand not known
with certaintyex ante This problem was first confrorddoy Bockstael and Opaluch
(1983 and Opalucland Bockstael (1984ywho assumed commercial fishermen would
know the parameters of a distribution of retuiisaccounfor the randomness,
McConnellet al (1995) and Schuhmann (1998) dexpected catch in their RUMs and
computel welfare measures basen changes in the underlying distribution. An
adaptation of this concept is presented as an alternative to traditional stated preference
measures for regulation valuation.

The traditional RUM assumes that angler utility is a function of income, trip
attnbutes, and costs, and is well described in the literafaneillustration purposes, let
utility be a known function (V(4)) of fish caughbbservabldrip attributesz, and some
unobservable characteristics,

U=V(c,2) +!. (4.1)
Becauseanglers are making decisioes anteand catch is random, the actual utility
function is based on an expected level of catch:

U =V(E[], 2) +!, (4.2)
where catch follows some probability distribution function that varies based on stock
abundance, fishgnmode, gear, bait, weather, temperature, angler expertetaie,
harvestand other environmental factorBhis function is a utility of expectations and not
an expectation of utilitied€Expected utility (E[UX)]) is the utility ofaneconomic agent

facing uncertaintywhereas a utility of expectations (Ug) implies the agentOs beliefs
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or assumptions about a future or possible good. The two are not necessarjlthequal
relationship between E[W)] and U(EK]) depends on the risk preferences of the
individual. From JensenQOs inequality, BJJ{ U(E[x]) for concave function§isk-
averse behavior)'he reverse is true for convex functignisk-seeking behavior)Vhen
anglers are risk neuttahe relationship between EXJ] and U(EK]) is linear,and
maximizing expected utility is equivaleto maximizing expected catch.

Though manystudies of fishermen assume that fishermen behave rationally by
maximizing expected utility (WilerSmith, Lockwood& Botsford, 2002) there is
evidence that fishingdhavior is inconsistent with expected utility theory (Eggert &
Martinsson, 2004Holland, 2008. Many anglers are risk seekifigggert & Lokina,
2007;Smith, 2000)and appear to maximize expected value rather than expected utility
(Salas & Charles, 2007 0r the purposes of this studyghers targeting cod and like
species are assumed to be risk neutinaugh the framework accommodatis&-seeking
behavior (expected value maximization)

Assuming that catch is important to angléguation 4.2loes noexplain
regulatory impacts unless bag limits are always binding, in which case the marginal value
of a change in the number of fish caught is equal to the value of a marginal change in the
bag limit.Bag limits and minnum size limits have no discebte effect on either the
catchdistributionor other trip elementd the regulations are ngierceived to béinding,
whichis the case for most recreational fisheries. Additionally, an anglerOs utility for fish
kept may not equal the utility of a fish reledsFor meat fisheries, the value of a fish
kept is much higher than that of a fish released. In competitive sport fisheries, catch is not

kept and the anglerOs utility is based solely on the number of fish released. In most cases
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there will be some valuassociated with both keep and release, though the dominant term
in the utility function will depend on the fishery type. Dividing the total catch of fish
from Equation 4.2 into the number of fish k&@nd the number of fish releasedives
U = V(E[K], E[r], 2) +!. (4.3)
Figure8 demonstrates how bag limits affect the distributions for the number of
fish kept and released, but not catkleep is defined as the lower end of the catch

distribution truncated by the bag limit, and tigper end of the catch distribution defines

the distribution of fish released

Keer , Release

Probability

Catch ()

Figure 8. Impact of bag limits on catch number distribution
Formally, let thenumber of fish caugtiie represented bjandom variables, and
the distribution otatch numberbecharacterized by the probabilitystributionfunction

f(n) andcumulative distributiorfunctionF(n). Then the total expected catch is
iR f(j oo e, ] B (4.4)

Technically, the distribution of catch is discreXg, , ! (! ), butacontinuousfunction

will be used fomathematicasimplicity without any loss of generalityrhe sum of

expected keep and expected release must equal the expectetf extobcted keep
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decreasg expectedeleasanust increasand vice versalrhe expectedumber of fish
keptgiven a bag limiB is

E[' ]V rprprrrqe@r iyt ifijnt 1"t B)
gt D rme <ty et (4.5)

When the number of fish caught is greater than the bag keep equalthe bag limit
Equation 4.5 can be rewritten as

NIl f(!’!!“(—!)')'!ff!(!)!!" LB

L[ nf()n ! [T (4.6)
UsingLeibnizOs integral ruléhe impact obag limits on expected keep is thus
;—B(! D! ™) f!! L (1) =f!! Lo 4.7
Bag limits have little effect on expected keeipenB is largebecause Pr(r B) is small
and catclbecomeghe constraining factor.

Forrelease, the expected number of fiskimply
N R MR (D I A A (DT (4.9)
The impact of bag limits on expected release is
WD e, (4.9
which demonstrates thaaglimits haveno effect on expected catch:
QD I Dt (4.10)
A similar illustration can be used for minimum size limitst catch size be a

continuous random variabsewith probability density functiog(s) andcumulative

distribution functionG(s). The probability that catcbxceedshe minimumsizelimit is

Pr(t ! " )1 [ 1 ()ds. (4.10)
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This notation assumes angsdnow regulation levels with certaintlf.anglers are unsure
of theregulations, theMMSis ddined by a pdf as opposed to an exact point limit:
st (e ) (4.12)
If sandMSare correlated, then a bivariate pdf is required:
I MS)Y [ [ Vs (4.13)
A minimum size regulation defines the size of fish kept by imposing a truncation

of the lower end of the catch size distribution (Begire9).

b

Releas | Keep

€

v

Probability

Minimum Catch ¢)

size limit
Figure 9. Impact of minimum size limits on catch size distribution

Keep for a single fish based on sizedefined as

T g1 ] (4.19

ko ! [ o 1 1"H$9%0!

Theexpectekeepbased on sizis thus

P52y )y+1ripet ! MS)! fl‘;s! (M)ds. (4.15
The impact of a minimum sizen expected keep

m EN D) m(!" I ) =11 Ms)! (4.16

Similarly, releasén terms of fish sizés defined as
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TR T
bt [ I lot! "#$%)! ] (4.17)

and expected release is
ENGIL 11 (st 1" )+ 1m0 MS) [T 1 ()ds. (4.19
The impact of a minimum size on expected release is
el GAUIDE m(!" I o)) e ). (4.19
Again, the minimum size has no effect on the expected catch:
ﬁ(l!!!!!)! #(E[!!]+!!n!!)! ! (4.20
Assuming catch size and catch number are independent distributions, expected
keepand releaseanbe described as
IPT=1000 0 S )Y (f(; RN (DTS )
NN SR NEE G (f!! o !(!)!dn). (4.20)

The effect that changes in bag limits have on an anglerOs utility is

a !

R ORR= NG A RRIIDE (4.22
For a simple lineam-parameters, linean-catch specification such as

LLLE[]Y L] e, (4.23

Equation 4.2becomes

DO T T ] ED
=t (1ot g forEr). (4.2

Similarly, the impact of a change in minimum size limits on an anglerOs utility is

UM BElk 1—El, 11 1 B[ ] —E[]

NOERPYREGLL "
! (! l f|! NOIGERE f,! " >! ). (4.25
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Incorporating expected keep and release in the anglerOs utility function expresses
the stochastic nature of catch and still allows quantitative measurements of changes in
regulationgo affect utility. This model assumes that the distributions for catch size and
number are independent, perhaps oversimplifying true stock dynamics. These fish
typically school by size in specific locations based on the ecological requirements of each
lif e-cycle stage. Additionally, the model does not explicitly incorporate-tigting, the
practice of selectively harvesting fish by discarding-nptimal catch even when the fish
can be legally kept. A model with higdrading requires intelemporal corriations in the
utility function allowing anglers to compare new fish with previous catch, which is
beyond the scope of this study.

AggregateQutcomegShortrun and Longrun Modeling)

The framework outlined ithe previous section addresses the effect of regulation
changes on angler behaviors for individual tripsdagcribesaggregat®utcomedor the
fisherypoorly. Simply expanding out the utility function fax fishing trips might capture
some welfare effd@s but provides little information regarding effort shifts. Additionally,
historicdataareinadequate for determining the impact of regulations on angler behavior
in the New England groundfisheriélo address both insufficiencjes simulation
process isised to quantify the effects of different regulatory and biological scenarios on
effort and angler welfar& his study extends worki&e Schuhmann (1998) and
Woodward and Griffin (2003) by examining minimum size limits usingdgss
distributions of fsh. Rather than assuming distributions of catch, the simulations apply
parameters from stock assessment projections and historic catch réberdtated

preference analysé&om Chapter 3 form the basis of thehavioral modelsed in the
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simulation exezises whichdemonstratean alternative use of stated preference surveys
and compensasdor lack of historicdata Additionally, thecomputations of total effort
and consumer welfare offerore insight thamean expected compensating variation per
trip for changesn catch.

Thesimulation has global fishery controls and individual trip level calculations.
During actual fishing trips, angletsaitlines, throwthe lines intahe water, and pull out
the lineswhen fish biteA fishing line that captures &h is known as a successful cast.
An anglerinterested in keeping fidle supplement the dinner taldentinueghis fishing
processuntil either the bag limit is reached thie opportunity cost of time exceeds the
value of the fishing tripThe simulation replicates angler behavior by mimicking this
fishing process and then aggregates across trips to compute global outcomes.

For eachtrip, thesimulationrandomly assigns eaclmmputeranglera vaue for
the maximunpossible number of succégiscastsfrom a distributionBecausehe
average number of successfaktsthrown per hour cannot be degitv using available
information,historic catch data serves as the proxyfiiring success per tripfJRFSS
data from the last five years are usedenerate catch distributions for each species,
from which random numbers are drawn. Eaithulatedangler is assigned one draw from
the catch distribution as the total number of successful ddstprogramthenassigns a
size to each successtidstbased the biomass projectidios each agelasslength of
fish overlaid withanappropriate agelass catchability factoilhe resulting parameters
form the basis for determining the size of fish in each anglerOs catch basket.

Theprogramsimulates thdishing action byOcatchingfsh, or retrieving the pre

assigned fish from the successfabts The computeranglersortsOcaughtfish into keep
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and release buckefShis process is continuenhtil either the bag limit binds @l
successful caster the trip are used'he probability that theomputerangler takes the
simulatedtrip is determinedt the end of the iteratiarsing thetotal number of fish kept
and releasedn the trip RUMs estimated using the stdtpreference survey determine
simulated anglelbehavior If the trip is considered acceptalffer(choice= Uyip) > 50%),

the value of the trip is calculated using the MWTP derived from the stated preference
survey analysis and added to the total welfare measure for the fiSherggorithm for

one trip iteration is outlined iRigure10.
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( Begin Trip Iteration T

v

Evaluate first
successful cast

Evaluate next N
successful cast v

Is fish >

Yes No
Yes # #

Add 1 to keep Add 1 to release

» Add 1 to catch

A

Is catch < max #
successful casts?

Is keep <
bag limit?

No
No h 4

Compute probability of angler taking
trip using conditional logit from SPCE

Isprob! 0.5? No—

Yes

v
Compute WTP for trip

v

Add 1 to total effort
Add keep to total keep
Add trip WTP to aggregate WTP

L End Trip Iteration }7

Figure 10. Trip algorithm (singlesimulationiteratior).

The computer simulates trips until either the tatldwed recreational harvest is
reached (season closure) or the allotted number of iterations has begiseakeyure
11). The biological model that determines the total allowed recreational harvest in the
simulatian is the model policy makers use to set annual catch limits (ACLs), and the

ACLs used in the simulation are actual projections for future y€hetotal number of
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iterations allowed for each simulation is based on the average estimated effort for the

most recent five years for the study area, which is approximately 500,000 fishing trips.

Begin Simulation

Draw trip characteristics:
mode, trip length, trip cost

v

Draw maximum # successful fishing casts
for each trip from MRFSS catch distribution

Assign a size to each
successful cast

Set regulation levels 4—( Begin regulation loop 747

» Run 1 trip iteration -« ‘

v

Add 1 to trip counter

Begin year loop

Yes

Is trip
counter < total #
iterations?

Is total keep <

recreational ACL? Yes

No
No
v
LEnd regulation loop J<

v

End year loop

End Simulation

Figure 11. Simulation algorithm (global controls).

The simulation process replicates the mix of angler modes, trip types, and fishing
experiences that could actually occur for future policy scenarios. To ensure comparability
of results, the program randomizes all trip-specific variables (trip length, trip cost, mode,
successful casts) only once across all scenarios in all years. Fish size is assigned for all

successful casts once per year based on the biological model. Because the biological
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parameterare specific to each yedish sizes must be drawn independently for each
year to cature changes iageclass distributions.

Trips are always taken in the same order with the same characteristics but under
different regulatory and biological restrictiof@rcing most of the simulation system to
be invariant enables explicit comparisafihanges in the distribution of keep and
release under various biological, bag limit, and size restriction combinations. To illustrate
this concept, consider the following examplépT53 is always the 53trip in the
simulation.The fishing mode wilalways beparty boatand thenaximum number of
successful casts for cod is five fifghr all simulations in all yearsn trip53. The sizesof
thecod caughtn 2011for trip 53will always be 190, 230, 260, 290, and 120, in that
order, butthe codin 2012 for trip 53 arel80, 200, 220, 160, andrli@ebecause of
changes in the underlying agkass distributionA minimum size limit of 200 and a five
fish bag limitin 2011will result in three kept fish and two discam@is trip 53 butonly
two fishare kept in 2012.

Most bioeconomic models incorporate some type of catchability factor that
translates raw biomass into landesth. Typically, catchability is defined as the
proportion of stock removed by one unit of fishing effort, or

C/E=sgN (4.26
whereC represents catck, is fishing effort,sis a constant related to a particular type of
fishing gearg is the catchability coefficienandN is the population size. Differences in
environmental preferencea@biological behaviors requiseparateatchability
estimats for each age class to accurately model probadaesationatatch; however, the
total population size and effort for each age class are not known with certamty so

cannot be solved for explicitly. For the purposes of this sinonlathe catchability
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coefficient is important only for obtaining the distribution of catch in terms of fish size
for each ecological scenario.

An approximation based on histodatchis generateavithout explicitly solving
for the catchability coefficignassuming thatis identical across all fisng gears and
modesHistoric total and recreational catch are known for eackchgs because this
information is compiled for stock assessments and virtual population analysis (VPA).
Tables detailingatchby ageclass and total biomass estimdiaseach stoclare
availablein several stock assessment reports by the NEFBo, Shepherd, OOBrien,
Col, & Traver, 2009Northeast Fisheries Science Ceng80&, 2008h. Rewriting

Equation4.23 the ratio of he two types of catch for a representative-egss is

Vg ! Vg g Ly ! | Prg g Dy (4.27)

Pigs Evgs Storal' s | Ers 'rws s

Assuming that effort is static, the catchapitatios fromEquationd.22can be used to
recalibrate the biomass estimates and generate a nevaagalistribution that
approximates some measure of angler suc@éssbiomass distribution is multiplied by
the catchability ratios to obtain a newtdlsution reflecting probable angler successes for
catching fish of particular sizes in each year. All simulated catch sizes are assigned to
successful casts using this method.

Angler utility is affected by catch size asatherbioeconomic simulatiostudies
(Woodward & Griffin, 2003); however, this model assumes that fish size is only
important for determining whether or not the fish can be legally kept. Because size
regulations are published in inches, -&tgess distributions are converted into lengths
using agdength distribution keys for each species. Thelaggth keys are specific to

ecological conditions and generated using advanced biological modeling algorithms.
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Several assumptions are made for simplicity and to reduce computing time. Each
trip is computed for one representative angler who has no repeat trips (or for whom the
repeated trips have identical preference structures). Because the New England
groundfishery is a meat fishery, it is assumed thaimlllatedanglers will fish untithe
legal bag limit is reached and more This does not mean that every simulated angler
gets the bag limjttrips are allowed to have different numbers of catch, but the simulation
limits high-grading To prevent simulated angleir®m highgrading, trips ee terminated
early (before all successful casts are Wgdtie trip has an unusually high number of
legatsized fishFor example, ithere are seven possible successfigkson a tripwith
codsizes260, 270, 280, 250, 26.50, 290, amdithaCoraer, and the regulations
restricts keep tthreecod 220 or larger, then tipeogramterminateghe trip after the 280
fish. This simulated anglexould only keep three fish instead of catching seven fish and
discarding fourThe terminatiormimicsfor-hire fishing behavioin this fishery because
most forhire captains cease fishing activities once the legal limit has been reached.
Though there are cases where captains allow fishing beyond the legal limit and sell off
excess catch, such practices are tleeptton rather than the norimthis fishery The
assumption of no higgrading introduces minimal error becausalgsis of historic
release data shows that less than 1% of recreational anglers surveyed in the past 10 years
reported higkgrading for haddck, and fewer than 3%eported higkgrading for cod.

Anglers are also assumed to view the biological condition of the fishery as
identical throughout the year and have no temporal discountiwgsaassumed in the
study byWoodward and Griffin (2003). M@agement efforts are restricted to changes in

bag and size limits, and it is assumed that the policies are uniform across all modes.
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Though the system will induce early termination (season closure) if ACLs are exceeded,
none of the scenarios reached thaitli This study does not consider advanced
management toosuch asectors and transferable quotas.

The biological and management conditions of the fishery are assumed to be static
over the course of a yeand spatially identicalwhich is inconsistent ith seasonal age
classadjustmentslue tospawning and migration patterndélfassumption is necessary to
generate enough information to accurately predict the number of fish bi@tzgional
delineation was not possilbecausehe biological models we not estimated onaery
fine spatialscale.

The simulations are not as sophisticated or as dynamic &etreral
Bioeconomic Fisheries Simulation Model (GBFSM) developed by Woodward and
Griffin (2003) as lhere is no biofeedback loop where changes in catch one year affect the
stock biomass in the following yedrhe recreational landings of cod and haddock are
usually not high enough to affect species biomass (personal communication, S.
Steinback, March 18011), so this deviation from reality is insignificant; however, the
ACLs specified in the biological model for each year affect projections of future biomass,
so it is assumed that the fishery always achieves the ACL. Beiteusscreational
allocation of ACLs are not reachadany of the scenaripthe simulation implicitly
assumes that the commercial sector will always-beevest, causing the fishery to reach
the total ACL in each yea&hortrun economic outcomes aresép estimated for each
year using the simulation, and, assuming that the ACLs are bindingrunoregzonomic

outcomes can be obtained by combining simulation outputs across years.
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Data

Angler behavior isimulated using RUM derived from the stated preface
survey.The previous chapter characterized the angler maximization problem for
Northeast groundfish using several different specifications of the utility model. This
chapter continues the evaluation of three of those models using simulationssiThe fir
model examied in this chapter is the Li@ility modelfrom Chapter IEquation3.9,
Model 3 where utilityU (g for anglern and tripj is represented by

Lo U B (E[M# keptle ) 1y (P [# 1#'$%"&] )
B (E[! ™'#$% keptly )1 1y (B[ "™#$% 1"#'$%"&] )

DB [ e Dy x LRI | 4+ 1 [(1" Veng!)p | for!l I'#, ]!
L1 (opt-1"# ), ! B (M#S cost)r ! L (4.29

Becausiological prediction modslare notavailable for pollockEquation4.28only
includes two specigsom themarket baskeh Chapter 3Atlantic pollock biology is
generally not well understood, and recreational data for the species is lifilnéegecond

modelmodifiesthe NIC utility function from Chapter IEquation3.10 Model 4:

Up ! LI WHS e ! B JENH 1%

DL JTTRI™HS% TS T 1 1 /1T IS % IMH"$%" ] -
Dg[Q tieng!)p g 10 VL [ 1S DL L1 LRI,
L1, (Opt-1"# )!,, L B ("HSWHS ) ! g (4.29

The third model in the simulatiomss the same specificationEBguationd4.23butis
estimated using only anglers with sedported targeting or catch of cod and haddock
(fishery users)which is analogus to Model 5 in Chapter, and will be referred to
hereafter as the nonlinesr-catch usersNICU) model Trip costs used in the behavior

models are drawn from the same distribution used to create the attribute levels in the CE
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survey. The trip lengthistribution is based on the frequency of trip types (4 hour, 8 hour,
12 hour) advertised by various online vendors servicing the study area.

Species targeting and target switching are included implicitly in the simulations
Because the model includes aketof fish from two species, anglers are allowed to
target either species using the tradeoffs determined by the stated preferencelbervey.
programdoes not explicitly separate anglers targeting cod frosetbargeting haddock,
but some simulated arggsexpect to catch more cod than haddedkereasthers
expect to catch more haock than cod. For example, a computer angler expects to
catch 15 cod and 2 haddock is classified as targetidgwlhereas a computer angleith
an expected ¢eh of 87haddock and 2 cod is classified as targeting haddock.

Anglers are also allowed to exit and enter the fishery abedhusé¢here are no
explicit controls rguiring mandatory participatiorhough the opbut choice in the
stated preference survey wasoGDmething else, but not saltwater fishing,O there are no
freshwater substitutes for cod. Therefore, it is appropriate to assume that simulated
anglers that choose not to take the saltwater fishing trip are not fishing at all, and the
simulation outputsan be assumed to be a measure of participation. Such information is
useful for determining total economic impacts as measured via input/output (I/O) models
because noparticipating anglers that cease all fishing activities affect regional economic
transfes whereas noparticipating anglers that participate in other fisheries do not.

The estimated parameters for thwe-specieRUMs listed inTable35are
significantly different from the thregpecies modekesuls in Chapter 3Thecoefficients
for fish caughtare smaller in thelC model tharthe resultsn Chapter 3, buthe

coefficients for trip length and trip cost are larger. The reverse is observed\iCtiaad
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NICU models, indicating that thevo models compensate for the kaaf one fish species

in different waysDespite differences in the angler behavior model, MWTP confidence

intervalsoverlap with those of Chapter Bhe confidence intervafer theNIC andNICU

specificationsaare computeadt theaverage catch of 4.Butsimulatedotal trip values are

calculaedusing marginal values for each fish.

Table35. Conditional Logit Parameters Used in Simulation Exercises

Variable LIC NIC NICU

Cod kept 0.0636 (0. 00461) N N

Cod released 0.0210(0.00482) N N

Haddock kept 0.0613 (0.00464) N N

Haddock released 0.00849 (0.00538) N N
[ ES) N 0.302 (0.0197) 0.318 (0.0233)
[ T#'$%"Q N 0.111 (0.0146) 0.120 (0.0173y
[T HES%EIHS ) N 0.247 (0.0186) 0.258 (0.0224y
N 0.0397 (0.0155Y 0.0537 (0.0185Y

V ("HHS%& " H# $%"Q
Trip length! For-Hire
(Trip lengthf ! For-Hire

0.156 (0.0176)
-0.00740 (0.00124y

0.158 (0.0176)
-0.00786 (0.00124y

0.130 (0.0219Y
-0.00556 (0.000157)

Trip cost -0.00557(0.000130)"  -0.00559 (0.000130) -0.00563 (0.000153)
Optout -0.730 (0.0603) -0.153 (0.0792) -0.504 (0.0981)
LR ("9 4,817.18" 4,860.1" 4326.6
No. Obs. 39,151 39,151 27,803
No. Groups 1,214 1,214 840
MWTP Cod (keep) $11.41 $12.71 $13.31
(9.72,13.11) (11.00, 14.43) (11.28, 15.33)
MWTP Cod (release) $3.76 $4.68 $5.00
(2.07, 5.45) (3.48, 5.88) (3.58, 6.41)
MWTP Haddock (keep) $10.99 $10.42 $10.79
(9.26, 12.72) (8.79, 12.06) (8.85, 12.73)
MWTP Haddock (release $1.52 $1.67 $2.25
(-0.36,3.41) (0.40, 2.94) (0.74, 3.75)

“p<.01,"p<.05 p<.10.

No. Obs. is the total number of items (alternatives) and No. Groups is the number of clusters used in
computing the standard errors (N), which equals the number of individuals

The biological data for the simulati@omes from AGEPRO V3.tpurtesy of

Paul Nitschke and Scott Steinback of NEF$Re software programrojects biomass by

species for any number of future yeadsitput includes total biomass, spawning biomass,

recruitment biomass, and harvest biomass for differentkags spefications. Biomass

estimates become more uncertain as the projection year moves away from the last year of

historical data availabjeéhus simulations in this study are limited to five years into the
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future (201-2015 at the time of writing). The simulati analysis is also restricted to
GOM stocks and anglers presuming to fish in the GOMKkspare12) because nojected
biomass datareonly available for the Gulf of Maine (GOM) cod and haddock stocks

Detailed estimas of future biomass for pollock are not available at this time.

(43

Ak

Gulf of Maine

Georges Ban

Southern New Englani

Mid-Atlantic

Figure 12. Map of stock region@NMFS Northeast Regional Office, 2008)

The total number of iterations used in the simulations is derived from estimates of
historic effort.Proportions of the total number of anglers in each mode for Maine, New
Hampshire, and Massachusetts were aggregated to compute a possible total humber o
relevant trips in the region; however, %@0,000 iterationssed in the simulations
probably higher than actual effort becausaddachusetts fishing trips are split between
Georges Bank and the GOM. Anglers south of Chatham, MA, are likely to begfishin
Georges Bank rather than in the GOMilditionally, theproportional standard error

(PSE) associated with effort estimatesdpecies targeting ispecific geographic areas is



very high.The simulation results should be considered conservative estilpatause
actual effort levels aralmost certainlyower.

Theproxy distribution for the total number of successfastsvasderivedfrom
historicdata.Total trip catch from the most recent five years of MRFSS data for cod and
haddockirom Maine, NewHampshire, anélassachusettsereenterednto EasyFitXL,
a distribution fitting software package.i$particularsoftware packageas used
because it is one of the few programs that gereratelom numberfor discrete
distributions. EasyFitXlidentified the besffitting discrete distributions for combined
keep and release data from MRFSS. ¢amt, a geometric distribution with= 0.14901
was most appropriaté geometric distribution is the probability distribution of the
number of Bernoulli trials neled to get one success. Given a probability of sucCess
each trial ofp, the probability of th&™ trial being the first success is

PriX =Kk) = (1Dp)*p. (4.30
A logarithmicdistributionwith p = 0.89251 was fit to the haddock catch datze

probability mass function of a logarithmic distribution is

1 k

FO) = s (4.3
EasyFitXLgeneratedtrings of random draws following the fitted discrete distributions.
Theexpected trip catch numbdsiccessful cast$dr each species were theandomly
assigned to each simulated ang&sulting in double randomization. All trip
characteristics, including costs, mottg length,expected catch, and catch siaere

assigned only once faill simulationsto ensure comparability.
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Trip Results

The economic impasbf different regulationsn individual tripsarepredicted
using the theoretical framework outlined earlier in this chaptez.expected keep and
release for each species under different regulatory scenarios is calcalatetha
distributions br catch size and catch numlb@r each yearRegulations truncate the catch
distribution at different points, resulting in changes to expected keep and (gksase
Table53andTable54in Appendx C). The WTP per trigor a representative angler
computedusing the expected keep and release valuesshown in Table36 through38.

Table36. Theoretical(Expectedl MeanWTP per Tripfor LIC Model

Regulations 2011 2012 2013 2014 2015

20 C! 20", any H!' 14" $113.54 $104.11 $103.50 $103.29 $103.38
10C! 20", any H' 18" $105.12 $104.67 $104.54 $104.49 $104.48
15C! 22", any H' 16" $109.44 $108.87 $108.85 $108.68 $108.68
15C! 22", any H' 18" $108.92 $108.18 $108.06 $107.91 $107.91
10C! 22", any H' 16" $104.21 $103.70 $103.68 $103.54 $103.53
10C! 22", any H' 18" $103.68 $103.01 $102.89 $102.76 $102.76
10 C! 22", 15 H! 20" $100.43  $98.84 $98.36 $98.20 $98.20
2C! 22" any H! 18" $78.76 $78.40 $78.28 $78.25 $78.25
10C! 23", any H 18" $102.86 $102.10 $101.97 $101.80 $101.79
2C! 23" any H 18" $78.47 $78.09 $77.96 $77.92 $77.92
10C! 24", any H' 16" $102.12 $101.25 $101.24 $100.98 $100.98
10C! 24", any H! 18" $101.59 $100.56 $100.45 $100.21 $100.20
10C! 24", any H! 19" $101.18 $100.01 $99.81 $99.59 $99.59
8C! 24", 10 H! 18" $93.73 $92.80 $92.71 $92.49 $92.49
2C! 24" any H 18" $78.04 $77.56 $77.44 $77.37 $77.37
10 C! 26", any H! 18"  $99.28 $97.92 $97.80 $97.45 $97.44
10 C! 26", any H! 20"  $97.98 $95.63 $95.13 $94.75 $94.74
8 C! 26", 10 H! 20" $90.51 $88.42 $87.99 $87.64 $87.63
5C! 26", 10 H! 21" $81.64 $79.55 $78.95 $78.57 $78.66
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Table37. Theoretical(Expectedl MeanWTP per Tripfor NIC Model

Regulations 2011 2012 2013 2014 2015

20 C> 20", any H> 14" $234.43 $229.21 $228.59 $228.49 $228.59
10 C>20", any H> 18" $233.76 $233.65 $233.65 $233.61 $233.61
15 C>22", any H> 16" $234.71 $234.62 $234.66 $234.60 $234.60
15 C>22", any H>18" $235.20 $235.09 $235.09 $235.04 $235.04
10 C>22", any H> 16" $232.47 $232.23 $232.26 $232.16 $232.16
10 C>22", any H>18" $232.96 $232.70 $232.70 $232.60 $232.60
10 C> 22", 15 H> 20" $231.64 $230.52 $230.13 $230.03 $230.03
2C>22" any H> 18" $201.40 $201.08 $201.08 $200.97 $200.96
10 C>23", any H>18" $232.45 $232.10 $232.09 $231.96 $231.96
2C>23" any H> 18" $200.80 $200.40 $200.40 $200.25 $200.25
10 C>24", any H> 16" $231.10 $230.52 $230.57 $230.36 $230.36
10 C>24", any H>18" $231.59 $230.99 $231.00 $230.80 $230.80
10 C>24", any H>19" $231.61 $230.93 $230.89 $230.70 $230.69
8C=>24",10 H> 18" $226.64 $225.81 $225.74  $225.53 $225.53
2C>24" any H> 18" $199.85 $199.23  $199.24  $199.04 $199.03
10 C> 26", any H> 18" $229.80 $228.82 $228.83 $228.49 $228.48
10 C> 26", any H> 20" $229.59  $227.97 $227.65 $227.31 $227.30
8 C>26", 10 H> 20" $223.74 $221.75 $221.34 $220.98 $220.97
5C>26", 10 H> 21" $213.85 $211.47 $210.85 $210.36  $210.45

Table38. Theoretical(Expectedl MeanWTP per Tripfor NICU Model

Regulations 2011 2012 2013 2014 2015

20 C> 20", any H> 14" $244.93 $241.52 $240.94 $240.85 $240.95
10 C>20",any H> 18" $244.92 $244.89 $244.93 $244.89 $244.88
15 C> 22", any H> 16" $245.44 $245.39 $245.45 $245.39 $245.39
15 C>22", any H> 18" $246.29 $246.28 $246.33 $246.28 $246.27
10 C>22", any H> 16" $243.27 $243.05 $243.10 $243.00 $242.99
10C>22", any H> 18" $244.12 $243.93 $243.98 $243.88 $243.87
10 C> 22", 15 H> 20" $243.58 $242.62 $242.29 $242.19 $242.19
2C>22" any H> 18" $211.63 $211.37 $211.42 $211.30 $211.29
10 C>23", any H> 18" $243.60 $243.33 $243.37 $243.24 $243.23
2C=>23" any H> 18" $211.00 $210.67 $210.71 $210.56 $210.55
10 C>24", any H> 16" $241.88 $241.33 $241.39 $241.18 $241.17
10 C>24", any H> 18" $242.74 $242.21 $242.27 $242.06 $242.05
10 C>24", any H> 19" $242.93 $242.34 $242.36 $242.15 $242.15
8C=>24",10 H> 18" $238.70 $237.88 $237.82 $237.61 $237.61
2C>24" any H> 18" $210.02  $209.45 $209.52 $209.30 $209.29
10 C> 26", any H> 18" $240.93 $240.00 $240.06 $239.71 $239.70
10 C> 26", any H> 20" $241.13 $239.73 $239.50 $239.15 $239.15
8 C>26", 10 H> 20" $235.90 $233.98 $233.62 $233.25 $233.24
5C>26", 10 H> 21" $225.94  $223.63  $223.05 $222.56  $222.65

Theaveragechange in mean WTP per tifaveraged across all yepfer moving
from the current regulationgdep10 codlarger thare20keepanyhaddocKarger than
180) to one of the other regulatory scenarios is list€dlie39. Overall, heNIC and
NICU modelsexhibit smallerresponses mean WTP per tripo changes in regulations

thanthe LIC model.
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Table39. Difference in Mean WTP per Trip from Changing Current Regulations

Regulations LIC NIC NICU

20 C>20", any H> 14"  $255  -$2.85  -$2.12
10 C>20", any H> 18"  $1.64 $0.95 $0.95
15 C> 22", any H> 16"  $5.89 $1.93 $1.46
15 C> 22", any H> 18"  $5.17 $2.38 $2.33

10 C> 22", any H> 16" $0.71 -$0.46 -$0.88
10 C> 22", any H> 18" $0.00 $0.00 $0.00
10 C= 22", 15 H> 20" -$4.21 -$2.24 -$1.38

2C>22" any H> 18" -$24.63 -$31.61 -$32.55
10 C>23",any H>18"  -$0.92 -$0.60 -$0.60
2C>23" any H> 18" -$24.95 -$32.29 -$33.26
10 C>24", any H> 16" -$1.71 -$2.13 -$2.57
10 C> 24", any H> 18"  -$2.42 -$1.67 -$1.69
10 C> 24", any H> 19"  -$2.99 -$1.75 -$1.57
8C=>24",10 H> 18" -$10.18 -$6.86 -$6.03
2C>24" any H> 18" -$25.46 -$33.43 -$34.44
10 C> 26", any H> 18"  -$5.04 -$3.83 -$3.88
10 C> 26", any H> 20"  -$7.37 -$4.75 -$4.22
8 C>26", 10 H> 20" -$14.58 -$10.96 -$9.96
5C>26", 10 H> 21" -$23.55 -$21.32 -$20.39

To illustratethe effect dregulations more explicitly, igures13through18
depict the response in mean WTP per trip to changes in bag and size-tiriis
paribus. The impact ofninimum size regulationsn mean WTP per trjghown in
Figures13throughl5, have a smaller effect on the mean WTP per trip for cod than
haddock, but the opposite is true for bag limiean WTP declines much more rdlyi
in the LIC model than in the NIC or NICU models in responsedeases in minimum
size limits but mean WTP plateaus slower in the in the LIC model in response to bag
limits than the NIC or NICU model$iguresl6throughl8).The bag limitgraphs
plateau because the probability that bag limits bind chaadgeptly When bag limits
are low, the probability that the bag limit binds is higguising largehanges irmean
WTP. When bag limits are gin, the probability that the bag limit binds is laesulting
in smallmean WTP responsé/Nhen bag limits are very high, the probability of bag

limits binding becomes negligible and mean WTP stays the same.

111



Minimum Size Regulations vs. WTP per Trip (LIC)
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Figure 13. Effectof minimum size regulations on WTP per trgeteris paribugLIC).

Minimum Size Regulations vs. WTP per Trip (NIC)
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Minimum Size Regulations vs. WTP per Trip (NICU)
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Bag Limits vs. WTP per Trip (NIC)
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Simulation Results

Eighteen different bag limit and minimum size limit combinations are presented
for the five biological scenarios. The simulation fesfor each year represent sharh
outcomes in the fishery under different management parameters. Differenceglasage
distributions between scenario years are reflected in the number of fish kept and released
per trip for the same regulation levedsid consequently in WTP values. Simulation
resultsare listed in the tables below and in Tald&shrough57in Appendix C.

SimulatedMean WTP per Trip

Table40 shows the simulateadnean WTP per trip for each behavioral model
averaged across all scenario yedleemean WTP per tripalues shown here are smaller
than inTables36 through38 because the Rbighgrading algorithm imposeah artificial
truncationon the MRFSS catch distributia@ausing simulated keep and release values to
differ from the theoretical expected keep and release vaNe® simulated anglers
allowed to highgrade, as occurs in other recreational fisheries, the simulatigdisres
would alignmoreclosely with the theoretical derivation because the distribution of catch
used to calculate the theoretical values would be the same as the distribution used in the
simulations however, the simulation truncates catehenthe bag linit is reached
instead of simplyividing the catch distribution into keep and release. Consequently,
actual simulated catch numbers are not equaiawsfrom the MRFSS historic catch

distribution and the theoretical values are higher than the simulatiorbers
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Table40. AverageSimulatedvieanWTP per Trip

Regulations LIC NIC NICU
20 C! 20", any H! 14" $96.17 $116.66 $122.85
10 C! 20", any H! 18" $84.26 $109.70 $115.67
15 C! 22", any H! 16" $90.35 $114.38 $120.55
15C! 22" any H' 18" $89.40 $113.92 $120.17
10 C! 22", any H! 16" $84.09 $110.33 $116.29
10 C! 22", any H! 18" $78.14 $105.92 $111.03
10 C! 22", 15 H! 20" $79.04 $108.04 $114.16
2C! 22" any H! 18" $49.06 $72.36 $75.76
10 C! 23", any H' 18" $77.82 $105.87 $110.98
2C! 23", any H! 18" $49.11 $72.55 $75.97
10 C! 24", any H! 16" $83.18 $110.09 $116.07
10 C! 24", any H! 18" $82.22 $109.62 $115.68
10 C! 24", any H! 19" $81.12 $109.04 $115.17
8 C! 24", 10 H! 18" $71.85 $103.78 $109.54
2C! 24" any H' 18" $49.20 $72.88 $76.33
10 C! 26", any H! 18" $80.72 $108.77 $114.82
10 C! 26", any H! 20" $78.97 $107.83 $114.00
5C! 26", 10 H! 21" $60.35 $93.60 $99.09

The estimates are roughly equivalent to the price afffshore party boat or head
boa trip in the Gulf of Maine and, in generdkecrease as regulations become more
restrictive. The mean WTP per trip for the LIC model is lower than foNt@eand
NICU specificationsand exhibits the greatest variatibetwesn the regulation extremes.

Simulated Results for the Shoun (1 year)

Tables41through43 show the simulationesults averaged acrossenarioyears
for the three behavioral modetsthe shorrun (1 year)Recreational angling values, as
measured by total WTP, differ by more than 20% between the simulated regulation
extremes. Nonlinean-catch welfare estimates are higher than the lireaatch welfare
estimates because the initial marginal utility otbas greater in the nonlinear case. The
nonlinear models also have higher effort estimates than the linear model and smaller
responses to regulation changes. Because users are likely to place more value on the
fishery than nofusers, the total WTP usinige NICU model is higher than the NICU

model despite lower effort projections.

11¢€



Table41l. Short-run SmulationResults for LIC (Averaged Across Scenario Years)

For-hire Total WTP Haddock
Regulations Effort Effort (in $1000s)  Cod Keep Keep

20 C! 20", any H! 14" 332,694 297,686 29,946 1,582,754 1,019,669
10 C! 20", any H! 18" 328,252 297,467 26,005 1,293,151 968,280
15 C! 22", any H! 16" 329,679 297,546 27,912 1,379,355 1,003,076
15 C! 22", any H! 18" 329,037 297,515 27,569 1,377,738 969,773
10 C! 22", any H! 16" 327,542 297,417 25,884 1,217,924 999,165
10 C! 22", any H! 18" 326,893 297,387 25,543 1,216,340 965,988
10 C! 22", 15 H! 20" 325,158 297,324 24,200 1,212,535 842,278
2C! 22" any H! 18" 311,925 294,274 15,302 415,577 933,590
10 C! 23", any H! 18" 326,491 297,371 25,409 1,195,206 965,129
2C! 23", any H 18" 312,025 294,282 15,323 414,437 933,738
10 C! 24", any H! 16" 326,475 297,368 25,517 1,160,422 996,694
10 C! 24", any H! 18" 325,811 297,338 25,176 1,158,870 963,619
10 C! 24", any H! 19" 324,997 297,306 24,784 1,157,178 925,538
8 C! 24", 10 H! 18" 322,427 297,146 21,900 1,052,783 789,009
2C! 24" any H' 18" 312,162 294,287 15,359 412,407 933,923
10 C! 26", any H! 18" 324,374 297,132 24,616 1,072,476 960,425
10 C! 26", any H! 20" 323,077 297,082 23,999 1,070,080 900,378
5C! 26", 10 H! 21" 315,985 296,168 18,117 775,739 718,946

Table42. Short-run Smulation Results foNIC (Averaged Across Scenario Years)

For-hire Total WTP Haddock
Regulations Effort Effort (in $1000s)  Cod Keep Keep

20 C! 20", any H! 14" 369,984 302,087 41,595 1,751,047 1,108,469
10 C! 20", any H! 18" 367,516 302,027 38,875 1,467,583 1,060,140
15 C! 22", any H! 16" 368,901 302,098 40,666 1,546,763 1,094,242
15 C! 22", any H! 18" 368,319 302,098 40,438 1,545,379 1,059,371
10 C! 22", any H! 16" 367,850 302,051 39,131 1,385,337 1,093,648
10 C! 22", any H! 18" 367,247 302,051 38,900 1,383,774 1,058,785
10 C! 22", 15 H! 20" 365,976 302,037 38,128 1,380,785 935,612
2C! 22" any H! 18" 350,940 300,648 25,393 476,766 1,031,391
10 C! 23", any H! 18" 367,034 302,057 38,857 1,359,807 1,058,258
2C! 23", any H! 18" 351,100 300,648 25,472 475,095 1,031,793
10 C! 24", any H! 16" 367,145 302,064 38,969 1,319,375 1,091,895
10 C! 24", any H! 18" 366,541 302,064 38,739 1,317,907 1,057,125
10 C! 24", any H! 19" 365,812 302,063 38,455 1,316,109 1,016,744
8 C! 24", 10 H! 18" 364,826 301,980 36,525 1,209,470 893,813
2C! 24" any H' 18" 351,246 300,648 25,602 471,829 1,032,327
10 C! 26", any H! 18" 365,003 301,994 38,285 1,216,376 1,054,631
10 C! 26", any H! 20" 363,852 301,988 37,831 1,213,723 990,568
5C! 26", 10 H! 21" 358,292 301,738 32,381 892,091 816,677




Table 43. Short-run Smulation Results foNICU (Averaged Across Scenario Years)

For-hire Total WTP Haddock
Regulations Effort Effort (in $1000s)  Cod Keep Keep

20C! 20",any H! 14" 371,870 301,290 43,745 1,765,050 1,115,547
10C! 20", anyH! 18" 369,626 301,239 40,964 1,481,631 1,067,558
I5C! 22", anyH! 16" 370,901 301,299 42,818 1,559,850 1,101,473
I5C! 22" anyH! 18" 370,414 301,299 42,625 1,558,823 1,066,641
10C! 22" anyH! 16" 369,936 301,261 41,216 1,398,326 1,101,078
10C! 22", anyH! 18" 369,423 301,261 41,019 1,397,046 1,066,248
10C! 22", 1sH! 20" 368,301 301,255 40,282 1,394,460 943,064
2C! 22", anyH! 18" 352,538 299,672 26,708 480,159 1,040,196
10C! 23", anyH! 18" 369,202 301,267 40,976 1,372,679 1,065,671
2C! 23" anyH! 18" 352,723 299,672 26,795 478,496 1,040,548
10C! 24" anyH! 16" 369,250 301,274 41,058 1,331,458 1,099,434
10C! 24", anyH! 18" 368,739 301,274 40,362 1,330,276 1,064,638
10C! 24" anyH! 19" 368,089 301,274 40,610 1,328,713 1,024,159
8C! 24" 10H! 18" 367,053 301,198 38,540 1,221,057 901,079
2C! 24", anyH! 18" 352,908 299,672 26,938 475,208 1,041,104
10C! 26",anyH! 18" 367,140 301,181 40,393 1,227,251 1,062,038
10C! 26", anyH! 20" 366,150 301,181 39,992 1,225,092 997,991
5C! 26", 10H! 21" 360,806 300,925 34,302 901,296 824,636

Though keep, and consequently total WTP, decreases markedly with tighter

restrictions, effort declines are relatively small. Moving from the most lenient to the most

severe simulated regulatory scenario decreases total effort by less than 10%. Moreover,

effort in the for-hire sector, which represents the larges portion of recreational angling in

this fishery, barely fluctuates. These findings are consistent with anecdotal evidence that

many anglers continue to fish regardless and historical data from for-hire trips that show

very little change in number of participants per trip over the past 15 years despite changes

to regulations for both cod and haddock. Modest movements in total effort may also be

due to target switching behaviors, which deflate effort reductions for the fishery overall.

Simulated Results for the Longn (5 years)

Assuming that the ACL is reached each year by the commercial fishery, long-run

outcomes can be obtained by adding up short-run outcomes from the simulation. Tables

44 through 46 show the long-run simulation results for the three behavioral models if

regulations were to remain constant for the next five years. Effort, and more specifically
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for-hire effort, remains fairly consistent across regulation scenarios; however, large losses

(gains), as much as $50 million, can be seen in consumer welfare. Additionally, the

simulation results show significant consequences for biomass over the five-year period

from changes in regulations. Recreational harvest mortality can change by more than 5

million fish over the five-year period if policy makers adopt more stringent regulations.

Table 44. Longrun Simulation Results for LIC

For-hire Total WTP Haddock
Regulations Effort Effort (in $1000s)  Cod Keep Keep

20 C>20", any H> 14" 1,663,468 1,488,429 149,729 7,913,772 5,098,343
10 C>20", any H> 18" 1,641,260 1,487,333 130,026 6,465,754 4,841,398
15C>22", any H> 16" 1,648,396 1,487,731 139,559 6,896,777 5,015,381
15C>22", any H> 18" 1,645,186 1,487,577 137,845 6,888,692 4,848,865
10C>22",any H> 16" 1,637,711 1,487,087 129,420 6,089,622 4,995,825
10C>22",any H> 18" 1,634,465 1,486,933 127,714 6,081,698 4,829,942
10C>22",15H=>20" 1,625,792 1,486,621 121,000 6,062,676 4,211,391
2C=>22",any H> 18" 1,559,627 1,471,370 76,511 2,077,883 4,667,950
10 C>23", any H> 18" 1,632,456 1,486,854 127,046 5,976,029 4,825,646
2C=>23", any H> 18" 1,560,123 1,471,408 76,617 2,072,187 4,668,692
10 C>24", any H> 16" 1,632,376 1,486,841 127,583 5,802,112 4,983,472
10 C>24", any H> 18" 1,629,053 1,486,691 125,879 5,794,350 4,818,093
10 C>24", any H> 19" 1,624,985 1,486,531 123,919 5,785,891 4,627,692
8C>24",10H > 18" 1,612,136 1,485,732 109,498 5,263,917 3,945,046
2C=>24",any H> 18" 1,560,812 1,471,434 76,797 2,062,036 4,669,613
10 C>26", any H> 18" 1,621,872 1,485,662 123,082 5,362,380 4,802,127
10 C>26", any H> 20" 1,615,384 1,485,408 119,997 5,350,402 4,501,892
5C>26",10H>21" 1,579,926 1,480,838 90,583 3,878,693 3,594,728
Table 45. Longrun Simulation Results fadIC

For-hire Total WTP Haddock

Regulations Effort Effort (in $1000s)  Cod Keep Keep

20 C>20", any H> 14" 1,849,922 1,510,436 207,973 8,755,235 5,542,343
10 C>20", any H> 18" 1,837,581 1,510,135 194,375 7,337,914 5,300,699
15C>22", any H> 16" 1,844,507 1,510,492 203,330 7,733,817 5,471,209
15C>=22",any H> 18" 1,841,594 1,510,492 202,189 7,726,896 5,296,854
10C>22",any H> 16" 1,839,250 1,510,257 195,656 6,926,683 5,468,238
10C>22",any H> 18" 1,836,233 1,510,257 194,500 6,918,870 5,293,924
10C>22",15H>20" 1,829,882 1,510,185 190,639 6,903,925 4,678,062
2C=>22",any H> 18" 1,754,701 1,503,240 126,964 2,383,831 5,156,957
10 C>23", any H> 18" 1,835,169 1,510,285 194,283 6,799,035 5,291,292
2C=>23" any H> 18" 1,755,500 1,503,240 127,362 2,375,475 5,158,966
10 C>24", any H> 16" 1,835,726 1,510,322 194,843 6,596,374 5,459,477
10 C>24", any H> 18" 1,832,705 1,510,322 193,695 6,589,533 5,285,626
10 C>24", any H> 19" 1,829,058 1,510,313 192,276 6,580,545 5,083,720
8C>24",10H > 18" 1,824,130 1,509,899 182,627 6,047,352 4,469,064
2C=>24",any H> 18" 1,756,229 1,503,240 128,009 2,359,144 5,161,636
10 C>26", any H> 18" 1,825,014 1,509,971 191,426 6,081,879 5,273,155
10 C>26", any H> 20" 1,819,261 1,509,942 189,156 6,068,614 4,952,841
5C>26",10H>21" 1,791,458 1,508,688 161,905 4,460,456 4,083,384
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Table46. Longrun Simulation Results fadICU

For-hire Total WTP Haddock
Regulations Effort Effort (in $1000s)  Cod Keep Keep

20 C! 20", any H!' 14" 1,859,350 1,506,449 218,725 8,825,249 5,577,737
10 C! 20", any H' 18" 1,848,128 1,506,195 204,822 7,408,154 5,337,791
15C! 22", any H' 16" 1,854,503 1,506,497 214,091 7,799,248 5,507,366
15C! 22", any H' 18" 1,852,070 1,506,497 213,126 7,794,113 5,333,203
10 C! 22", any H!' 16" 1,849,679 1,506,307 206,079 6,991,630 5,505,388
10 C! 22", any H' 18" 1,847,116 1,506,307 205,093 6,985,232 5,331,239
10 C! 22", 15 H! 20" 1,841,505 1,506,273 201,410 6,972,298 4,715,321
2C! 22" any H 18" 1,762,688 1,498,360 133,538 2,400,796 5,200,980
10 C! 23", any H' 18" 1,846,009 1,506,333 204,878 6,863,395 5,328,355
2C! 23" any H 18" 1,763,617 1,498,360 133,977 2,392,478 5,202,738
10C! 24", any H!' 16" 1,846,251 1,506,369 205,290 6,657,292 5,497,168
10 C! 24", any H' 18" 1,843,694 1,506,369 204,310 6,651,381 5,323,188
10 C! 24", any H' 19" 1,840,443 1,506,369 203,048 6,643,563 5,120,796
8C! 24", 10 H! 18" 1,835,266 1,505,989 192,698 6,105,283 4,505,395
2C! 24" any H 18" 1,764,540 1,498,360 134,692 2,376,040 5,205,522
10 C! 26", any H!' 18" 1,835,702 1,505,907 201,967 6,136,256 5,310,192
10 C! 26", any H! 20" 1,830,752 1,505,903 199,962 6,125,461 4,989,953
5C! 26", 10 H! 21" 1,804,028 1,504,623 171,509 4,506,481 4,123,179

MetaAnalyses of Simulations

Metaanalyses of the simulatisare detailed iMTables47 through52. The term
metaanalysisis used to denota linear regressioof the simulation outputsvhichcould
be considered an assessment of the response surfaces with regards to changes in
regulation levels. The dabacludethe outcomes of the simulation scepatriisted in
previous tales as well as an additionHDO to 200simulationscenaris that cover the
intermediate regulation level§he metaanalysisnodek includeall simulation
parametergxcepta fixed effect foryear 20150 avoid multicollinearity

In the effortmetaanalyses (Table47), coefficients for bag limits are positive and
negative for minimum size limits, as predicted. Increasing minimum size limits should
discourage anglers from fishing while increases in bag Ishitsild increase effort.
Effort responds most to cod regulations in the LIC model whereas the NIC and NICU
models weight haddock minimum size limits more heatigddockbaglimits have very

little impact on the fishery in all of the modé®ugh the codicient is significant
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Table47. OLS Linear MeteanalysisResults for Eort

Variable LIC NIC NICU
Cod bag limit 614.177" 143.966" 197.311"
(23.859 (48.239 (47.513
Cod minimum size -425.173" -349.991" -370.75
(38.437 (66.049 (43.099
Haddock bag limit 14.347" 21.915" 7.228"
(4.089 (5.080 (2.702
Haddock minimum size -220.621" -537.808" -499.498"
(94.093 (87.482 (67.102
Year 2011 650.014" 530.954 499.498
(263.993 (287.463 (67.102
Year 2012 164.512 138.462 142.233
(265.470 (290.036 (244.019
Year 2013 158.861 137.769 141.133
(265.470 (290.036 (244.019
Year 2014 7.605 4.27 5.1
(265.470 (290.036 (244.019
Constant 332,588.8" 381,018.17 383,417.17
(2,208.67% (2,855.67% (1,895.56%
R-squared 0.888 0.833 0.756
Adjusted Rsquared 0.884 0.822 0.744
F-statistic 205.72" 75.95" 55.03"
No. Obs. 216 131 150

“p<.01,"p<.05 p<.10.

F(8, 207) forLIC, F(8,122) forNIC, F(8, 141) for NICU

The metaanalyss for total WTH(Table48) showthat dianges in cod bag limits

have tle greatest impact on total WTP. Because the value of fish kept is higher than the

value of fish released, changes in bag limits should have a larger effect W Tétahan

changes in minimum size limits. The coefficient for cod minimum size limits is larger

than the coefficient for haddock minimum size limits in the LIC model, but the reverse is

true in the NIC and NICU models. Cod minimum size limits are moreritapoin the

NICU model than in the NIC model, which can be attributed to differences in the

perception of species importance between the survey sample grodpiaggh the

coefficients for haddock bag limits are statistically significant, the magnisustaall

relative to other regulation variables.
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Table48. OLS Linear Meta-analysis Results for Total WTP (in $1000s)

Variable LIC NIC NICU
Cod bag limit 526.344" 255.426" 334.952"
(16.159) (38.239 (36.346
Cod minimumsize -111.447 -91.782 -154.493"
(26.039) (52.353 (32.966
Haddock bag limit 15.510” 21.941" 11.475"
(2.770) (4.027 (2.067)
Haddock minimum size -62.944 -197.734" -186.708"
(63.743) (69.34)) (51.33)
Year 2011 249.361 150.490 97.735
(178.840) (227.853 (186.82)
Year 2012 69.203 44.062 35.774
(179.840) (229.893 (186.668
Year 2013 67.199 43.722 35.037
(179.840) (229.893 (186.668
Year 2014 3.684 2.004 1.609
(179.840) (229.892 (186.669
Constant 21,941.34 40,070.21" 43,275.18"
(1,496.248) (2,263.503 (1,450.05%
R-squared 0.900 0.830 0.777
Adjusted Rsquared 0.896 0.818 0.765
F-statistic 231.55" 74.23" 61.55"
No. Obs. 216 131 150

“p<.01,"p<.05 p<.10.

F(8, 207) for LIC, F(8, 122) for NIC, F(8, 141) for NICU

Tables49through52 show the results of the mesmalyses focatch Increasing

cod bag limits increases the number of cod kept, and increasing the minimum size

decreases the number of cod kept, as expected. Cod bag limits are more important in

determining the number of cod kept in the LIC model whereas cod minimum size limits

are more impoent in the NIC and NICU models due to the nonlinear catch structure in

the latter modelsThe number of cod released is most affected by the minimum size of

cod in all models. Cod bag limits have only minor impacts on the number of cod released.

In general, haddock regulations have little effect on the number of cod kelsaseck
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Table49. OLS Linear MeteanalysisResults folCodKeep(in 1000s fish)

Variable LIC NIC NICU
Cod bag limit 43.792" 32.307" 32.790"
(1.409 (3.929 (1.629
Cod minimum size -23.256"" -40.172" -44.147"
(2.269 (5.379 (1.474
Haddock bag limit -0.519 -0.655 0.325"
(0.249) (0.414 (0.092
Haddock minimum size 8.634 3.056 -3.830
(5.545 (7.123 (2.299
Year 2011 25.862 37.425 37.358"
(15.557 (23.407 (8.359
Year 2012 6.984 9.709 9.430
(15.649 (23.617 (8.347
Year 2013 7.114 9.982 9.769
(15.649 (23.617 (8.347
Year 2014 0.247 0.306 0.263
(15.649 (23.617 (8.347
Constant 1,160.78" 1,940.251" 2,072.618"
(130.158 (232.529 (64.849
R-squared 0.886 0.888 0.957
Adjusted Rsquared 0.882 0.881 0.954
F-statistic 201.85" 120.98" 388.16"
No. Obs. 216 131 150

“p<.01,"p<.05 p<.10.

F(8, 207) for LIC, F(8, 122) for NIC, F(8, 141) for NICU

Table50. OLS Linear MeteanalysisResults for Cod Releag@ 1000s fish)

Variable LIC NIC NICU
Cod bag limit 4.060" 2.160" 6.251"
(0.452) (1.260 (1.259
Cod minimum size 48.447" 58.058" 57.183"
(0.729) (1.726 (1.138
Haddock bag limit 0.722" 1.587" 0.026
(0.078) (0.133 (0.079)
Haddockminimum size -2.266 -4.375 -1.549
(1.784) (2.286 (1.772
Year 2011 -38.863" -56.494" -59.696
(5.006) (7.513) (6.450
Year 2012 -9.542 -13.790 -14.503"
(5.034) (7.580 (6.445
Year 2013 -9.776 -14.281 -15.106"
(5.034) (7.580 (6.445
Year2014 -0.310 -0.407 -0.395
(5.034) (7.580 (6.445
Constant -875.563" -1,020.847" -971.652"
(41.886) (74.636 (50.063
R-squared 0.960 0.967 0.955
Adjusted Rsquared 0.959 0.965 0.9%
F-statistic 621.90" 445.79" 372.54"
No. Obs. 216 131 150

FHF

p<.01,"p<.05 p<.10.

F(8, 207) for LIC, F(8, 122) for NIC, F(8, 141) for NICU
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Haddock minimum size limits are most important for determining the number of
haddock kept in all models. Increasing haddock minimum size decreases the number of
haddock kept, as expected. Haddock bag limits have little effect on the number of
haddock kept. Increases in the minimum size of cod decreases the number of haddock
kept in the LIC and NICU models. This indicates that cod fishing is complementary to
haddock fishing and anglers are less likely to fish for haddock when cod regulations are
stricter. The coefficient for cod minimum size limits is positive in the NIC model, which
can be attributed to preference differences between the NIC and NICU models. Increases
in cod bag limits results in slight increases in the number of haddock kept, which also
suggests complementarity in fishing.

Table 51. OLS Linear MetaanalysisResults for Haddock Kem 1000s fish)

Variable LIC NIC NICU
Cod bag limit 0974 3.6137 0.858
(0.246) (1.820) (1.439)
Cod minimum size 27267 8.704™" -5.005""
(0.395) (3.234) (1.305)
Haddock bag limit 1.718™" 0.254"" 1.452""
(0.0421) (0.038) (0.082)
Haddock minimum size -16.191" -39.081°" -17.265™
(0.097) (3.429) (2.032)
Year 2011 10.332"" 10.034 8.191
(2.719) (11.091) (7.397)
Year 2012 2616 2.754 2.641
(2.734) (11.190) (7.391)
Year 2013 2.346 2.508 2.390
(2.734) (11.190) (7.391)
Year 2014 0.212 0.215 0.204
(2.734) (11.190) (7.391)
Constant 1,127.576" 1,437.174™ 1,354.899"
(22.747) (111.744) (57.410)
R-squared 0.960 0.713 0.830
Adjusted R-squared 0.958 0.694 0.821
F-statistic’ 615.35"" 37.81°7 86.14™"
No. Obs. 216 131 150

X33

p<.01, p<.05, p<.10.
" R(8, 207) for LIC, F(8, 122) for NIC, F(8, 141) for NICU

Increasing the minimum size increases the number of haddock released. Haddock

bag limits have little effect on the number of haddock released. Increases in effort
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account for the increase in themoer of haddock released when bag limits for cod rise,
but the positive relationship between cod minimum size limits and number of haddock
released is most likely due to effort switching.

Table52. OLS Linear MeteanalysisResultsdr HaddockReleasdin 1000s fish)

Variable LIC NIC NICU
Cod bag limit 4.580" 2.189" 3.574”
(1.376) (0.489 (0.399
Cod minimum size 11.333" 3.650" 2.123"
(2.217) (0.669 (0.357
Haddock bag limit -1.1117 -0.262" -0.071"
(0.236) (0.059) (0.022
Haddock minimum size 164.401" 20.142" 23.352"
(5.428) (0.886 (0.556
Year 2011 -86.498" -10.839" -10.198"
(15.22) (2.910 (2.029
Year 2012 -22.103 -2.635 -2.556
(15.314) (2.936 (2.022
Year 2013 -19.72 -2.397 -2.293
(15.314) (2.936 (2.022
Year 2014 -1.970 -0.212 -0.204
(15.314) (2.936 (2.022
Constant -2,652.02" -392.323" -439.871"
(127.410) (28.919 (15.709
R-squared 0.892 0.887 0.946
Adjusted Rsquared 0.888 0.880 0.943
F-statistic (8, 20y 214.28" 120.13" 307.43"
No. Obs. 216 131 150

"p<.01,"p<.05 p<.10.
Conclusion

Understanding the socioeconomic impacts of recreational angling is critical for
effectively managing fisheries, particularly when there are commercial interests involved;
however.economic analyses of recreational fisheries often rely on strong, uncealisti
assumptions. This chapter outlined a theoretitaimeworkfor understanding the effect
of management changes on angler behavior and welfare by modeling trip catch in
stochastic rather than deterministic tergditionally, global fishery outcomes were
derived usin@ uniquesimulationmethodthatovercamedata scarcitypy combining

stated preference survessults withactual stock biomass projections
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The ronlinear models explored in the previous chapter were more stable to
changes in regulations thénear models in terms dbtal recreational fishery values and
effort, but effort response was small in all modetkjch ismoreconsistent withhistoric
andanecdotal evidence of angler behaviastal WTPand catcldecreasewith
increased regulationrgigency as expecteddaddock bag limithavevery little effect on
fishery outcomes in terms of effort, total WTP, or catch of either species; however,
haddock minimum size regulations affeffort, total WTP, and haddock catc¢ffort
and catch are highly affected by cod minimum size limits but cod bag limits have a
greater effect on total WTP.

The simulation results indicate that local economies remain relatively unaffected
by changes in policy. Because effort responses to elsangegulations are small,
fishing-related expenditures remain constant and the economic ramifications for
providers of recreational angling goods and services are negligible. Additionally,
changing minimum size limits are most effective for reducinghcahd effort while
minimizing impacts related to total consumer fishery values.

Simulation models are limiteoly algorithmic assumptiortsut provide insight in
situations whre realworld dataarelacking if all dynamic elements are consideriéo.
recreaional fisheries, such modedse usefufor costbenefit and allocation analyses
becauselataareoften sparseThe framework used in this chapter was specifiovim
New Engand groundfish specigsoresults may not be generalizalihewever,
combiningstated preference methods with biological and regulatory informexiemds
previous work in bioeconomic analyses of recreational anglingeovides fisheries

managers with additional tools for policy analysis.
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Chapter 5: Conclusion

Accurate descriptias of agent behavior are crucial for economic analyses of
nonmarket policy options. This dissertation investigates various facets of policy analysis
in recreational angling; specifically, whether CEswaedl behavednd how CE surveys
can be used to undsgand changes in fish catch and the effect of regulations. The three
main phases of the research process, data collection, model specification, and utilizing
model outputs, are examined to address these issues.

The first analytical chapter in this disséida focuses on survey design, which is
relevant for many applications outside nonmarket policy evaluation. Survey design is
particularly germane for nonmarket applications, though, because data is often
nonexistent or lacking variation. Revealed prefeeemethods cannot be used in many
cases due to data constraints and researchers must obtain information about economic
behavior from other sources. Stated preference methods, and CEs especially, are popular
tools for data collection because multiple trafleofin be evaluated simultaneously and
CEs are relatively simple to construct and analyze. Despite the ease of implementation
and interpretation, CEs can approach the limits of human information processing
capabilities. This chapter addresses whether asang cognitive demands induce
behavioral responses stemming from task stimuli rather than respondent preferences in
choice experiment surveys using five different types of choice experiment instruments: a
control, three different questionnaire lengthg] arvariation on the number of
alternatives in a choice set.

The results of random utility models, heterogeneous scale parameter logit models,

and random parameters models for the different task complexity treatments show that



survey design does have grsficant impact on behavior models and estimated MWTP.
MWTP estimates for the number of fish kept were statistically different between
treatment groups, with means ranging from $6.83 to $12.08 per fish. The shapes of
behavioral models are also affectedQfy survey structure. Questionnaire length and
error variance have an invertedstaped relationship, reaching the plateau around 15
guestions. Negative relationships between the number of alternatives and error variance
and between information diversitpderror variance are observed. Increasing the
number of choices in a choice set decreases the respondent error, but this result may be
biasedbecausehe experiment only included two different levels for the number of
alternatives. Increasing the numbéddferent pieces of information a respondent must
process increases the error variance in an estimated model. A slight survey fatigue effect
is detected but is overshadowed by other forms of task complexity. Testing for individual
complexity effects is ot the same as testing for multiple complexity effects
simultaneously as the estimations appear to be prone to omitted variable bias. For
example, order effects were significant in singbeirce complexity models but not in
multi-source complexity model€onversely, the degree of information overlap is
significant in multisource models but not in singgeurce models. Homogenous models,
or models that ignore possible sources of task complexity, result in statistically smaller
parameters than models tlaatcount for heterogeneity due to task complexity. Policy
analysts should strongly consider cognitive responses to survey design when using CE
surveys for behavioral information and valuation estimates.

The second chapter of this dissertation focuses anchoice experiments can be

used to understand changes in catch by exploring the attributes included in econometric
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models, the functional form of included attributes, inclusion of survey respondents, and
angler heterogeneity using speesgecific randonutility models and heterogeneous
scale logit models. The results of the analyses show that regulatory attributes cannot be
included directly in stated preference behavioral mdaetsius¢he parameter results are
nonsensical and inconsistent withservedangler behavior. Nonlinean-catch models
have comparable MWTP estimates and model fit statistics to-ineatch models, but
are more realistic due to diminishing marginal utility of catch. Inclusion of responses
from nonfishery users biases estiradtresults. Fishery users, identified through-self
reported species targeting, have significantly different utility structures and higher
MWTP per fish than nofishery users. Angler age, species experience, and mode have
the largest effect on utility stctures for models incorporating scale parameters
representing heterogeneity in angler characteristics.

The third chapter of this dissertation focuses on modeling changes in regulations
in angler utility functions. Because catch is random, regulatidhsot be binding on
every trip Additionally, regulations have no immediate effectcatch A framework for
understanding angler behavior is developed reflecting these two facts, which are often
overlooked by other studies. Expected keep and releaseppardrierived using
expected catch with distributions truncated by bag limits and minimum size limits. By
incorporating expectations of keep and release in the anglerOs behavior model, analysis of
regulatory changes are possible given that a utility oéetgions is equivalent to
expected utility for a risk neutral angler. This formulation measures changes in the
MWTP per trip from regulatory impacts on the underlying distributions for keep and

release.



To analyze longeterm effects of regulations, a s= of simulations is conducted
for different biological and management scenarios. Simulated anglers make trip decisions
driven by the behavior model from the stated preference survey results. Characteristics of
the trips taken are summarized to produdenedes of total effort, catch, and WTP (total
trip values). The simulation results show that effort declines are small, even with very
stringent regulations, but total WTP fluctuations are large, reflecting changes in average
catch per trip and speciesmposition. Additionally, lineaim-catch models exhibit larger
responses to changmesregulations compared to norearin-catch models. The meta
analysis of the simulations revealed that changes in minimum size restracgom®re
effective for reduaig effort and total catch, but cod bag limits have a greater effect on
total WTP. Haddock bag limits have very little effect on fishery outcomes in terms of
effort, total WTP, or catch of either species; however, haddock minimum size regulations
affect efbrt, total WTP, and haddock catch.

The simulation results imply that local economies remain relatively unaffected by
changes in regulations. If there is little variation in the total number of trips taken, then
there should be little change in consumption of recreational fishing inputslimglfor
hire services, bait, and tackle. Policy managers should use minimum sizediattey

effort and harvest levels and preserve fishery value.

13C



Brochureand Survey Instrument

Appendk A

UoIsInIg SISAjeuy [BI190S % SoIWou09g
ABojouyoa | » 82UBIOS JO B0
JOINHFS S3IHTHSIH VYYYON

0T "IX8 8CEC'ETL'TOE

|[e9 10 AOB'YWYON@SIAer elu0S

1e SIAJer eluos 1oejuod ases|d
Aanins siyy Buipaebal suonsanb 104

TOT X8 82EC'ETL'TOE

|1ea 1o A0BYYON®@||2A0T eULIgeS

Je []oA0T eunqges 1oeiuod asea|d
salvysid YVYON Aq pajonpuod usaq
aney Teyl saniAioe Bulysy [euonesidsl
aupew Jo sasAjeue J|Wou0dd

pue [e100s 1noge suonsanb [eiauab 1o

‘NOILVINHO4N]| LOVINOD

"9A0(e pals|| S)ISgam
ay} 1e a|qe|rene ale suonealgnd
pue suodal Jaylo Auew pue asayl
'V'S’N 8yl Ul ssusysiS
Hods suiey Burenieas (2002)
‘SN 8y ul Buibuy reuonealoay
aulre Jo s1oedw| siwouod3 (002)
Buiysi4 Japunoj4 uonealday [eiseod
uo Ayrend 1aje/n Jo syl 8yl (5002)
suoneoldw| Ad1j0d
pue sajewns3 [eansnels :'s'n
ulalseayloN ayl ul swodu| 10 pooH
Jo} Buiysi4 vods seremijes (800z)
9002 “S'N
ay} ul sainypuadx3 Ja|buy auuep
4o uonnqguIuoY diwouod3 ayL (8002)
900Z “S'N
3y} JO S2IWOU093 salayslH (8002)

'Suonedgngd pue suoday owos

/G1s/A0BeROUSjWUIS MMM/ dny

1S3\ SOIWIOU00] SalldysH VVON

SAIALNS JINONOOF IHL
1NO4gV NOILVINHOLNI FHOIN d04

Figure 19. Intercept survey brochure, side 1
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Figure 20. Intercept survey brochure, side 2
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North Atlantic Saltwater
Recreational Fishing Survey

Help us improve your recreational fishing experience!

Questions? Call 301.713.2328 x104 or email Sonia.Jarvis@NOAA.gov.

¢ Office of Science and Technology All responses are confidential.
d,f http:/iwww.st.nmfs.noaa.gov/st5/RecFishEcon.html
e oF ©

P
@14% Sponsored by NOAA Fisheries
% (National Marine Fisheries Service) This survey is entirely voluntary.
R

FME Series 01LE12CEO1 OMB Control Number 0468-0052 expires 04/30/2011

Figure 21 Survey cover page.
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ATLANTIC SALTWATER GROUNDFISH IN THIS SURVEY

ATLANTIC COD

HADDOCK

PoLLOoCK

*Regulations as of May 1, 2009

xX X X X X X X X

xX X X X X

x

xX X X X x

xX X

Also known as OcodfishO and OcodO

Fishing season varies by state

Average weight is 5-10 pounds

Average length is 20-30 inches

Maximum published weight is 211.2 pounds
Maximum published length is 78.7 inches

Daily limit varies by state”

Minimum size in Federal waters is 22 or 24 inches
depending on location”

Can usually be fished year-round

Average weight is 2-5 pounds

Average length is 18-23 inches

Maximum published weight is 37 pounds
Maximum published length is 44.1 inches
No daily limit"

Minimum size in Federal waters is 18 inches

Also known as OBoston bluefishO

Can usually be fished year-round

Average weight is 4-15 pounds

Average length is 22-26 inches

Maximum published weight is 70.4 pounds
Maximum published length is 51.2 inches
No daily limit"

No minimum size in Federal waters

Images © NHFG / Victor Young lllustrations

Questions? Call Sonia Jarvis at 301.713.2328 x104 or email Sonia.Jarvis@NOAA.GOV

2

Figure 22. Informationpage(page 2 of survey)
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SECTION A: Y OUR SALTWATER FISHING ACTIVITIES

The questions on this page are about YOU and YOUR fishing activities.
Do not include any information from other fishing party or household members.
Please print clearly and fill in boxes with a with a M or (.

1 Which of the following species have you personally caught or tried to catch in the last five years ?

(Please mark all that apply.)
. Haddock ,@/'%{ .. Pollock "#/-’;(

2 Which of the following species have you personally caught or tried to catch last season ?

(Please mark all that apply.)
Haddock Pollock

3 What is the total number of fishing trips you took last season for cod, pollock , or haddock ?

Cod

4 How many fishing trips did you take last season for cod, haddock , or pollock on a private boat ?
(A private boat is a boat owned by you, a friend, or an acquaintance where you did not have to pay any
rental fees for the vehicle used on the trip.)

5 How many fishing trips did you take last season for cod, haddock , or pollock on a party boat ,
open boat , or head boat ? (A party boat, open boat, or head boat is a boat that takes paying
passengers for a defined length of time where the fee paid is per person.)

6  How many fishing trips did you take last season for cod, haddock , or pollock using a private
charter boat ? (A private charter boat is a boat that takes paying passengers for a defined length of
time where the fee paid rents the boat and captain, regardless of the number of passengers so long
as the legal limit for the vessel is not exceeded.).

Questions? Call Sonia Jarvis at 301.713.2328 x104 or email Sonia.Jarvis@NOAA.GOV 3

Figure 23. Section A (page 3 of survey)
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SECTION B: SALTWATER FISHING TRIPS

Please compareTrip A, Trip B, and Trip C in the table below, then answer questions 1 and 2.
Compare onlythe trips on this page . Do not compare these trips to trips on other pages in this survey.
Assume that the trips below are identical in every way except for the features listed in the table.

All regulations remain as they are today unless otherwise noted in the table below.

TRIP FEATURES TRIP A TRIP B TRIP C

DAILY BAG (TAKE) LIMIT

Number of fish you can legally keep per day. Sl et

MINIMUM SIZE LIMIT 23inch 22 inch
Smallest fish you can legally keep of this species. Pollock Cod

REGULATIONS

NUMBER OF LEGAL-SIZE FISH YOU CATCH
These fish are at least legal minimum size. Some fish are 10 Pollock 1 Cod
released if you catch more than the daily bag limit.

NUMBER OF UNDERSIZED FISH YOU CATCH Do
These fish are below the legal minimum size. All of these fish 1 Pollock 3 Cod
must be released.

CATCH

something
other than
NUMBER OF OTHER FISH YOU KEEP 3 Cod 1 Haddock saltwater
Other fish you catch on this trip that can_be legally kept. 6 Haddock 3 Pollock fishing.

TRIP LENGTH

Total time purchased for this trip. dilr e 12 s

ToTAL TRIP CoST

YOURshare of the fishing trip cost, including bait, ice, fishing
equipment, daily license fees, boat rental fees, boat fuel, and
round trip transportation costs associated with traveling to $312 $276
and from the fishing location. Tr avel costs may include vehicle
fuel, car rental, tolls, airfare, and parking. This cost does not.
include the price of food or drink.

TRIP DETAILS

1 I like this trip best:
(Please mark the ONE option YOU like best witha ; or @) TRIPA wuy |[TRIPB W TRIPC ..

2  Please rate the trips listed in the table above. (Circle the number that reflects your opinion best .)

TRIP A DISLIKE 1 2 3 4 5 6 7 8 9 10 LIKE

TRIP B DISLIKE 1 2 3 4 5 6 7 8 9 10 LIKE

TRIP C DisLIKE 1 2 3 4 5 6 7 8 9 10 LIKE

Questions? Call Sonia Jarvis at 301.713.2328 x104 or email Sonia.Jarvis@NOAA.GOV 4

Figure 24. Sample choice experiment (pages 4-27, Base and Length treatments).
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SECTION B: SALTWATER FISHING TRIPS

Please_compareTrip A, Trip B, Trip C, and Trip D in the table below, then answer questions 1 and 2.
Compare onlythe trips on this page . Do not compare these trips to trips on other pages in this survey.
Assume that the trips below are identical in every way except for the features listed in the table.

All regulations remain as they are today unless otherwise noted in the table below.

TRIP FEATURES TRIP A TRIP B TRIP C TRIP D

REGULATIONS

DAILY BAG (TAKE) LimiT
Number of fish you can legally keep per day.

MINIMUM  SIZE LIMIT
Smallest fish you can legally keep of this species.

10 Cod

18 inch
Cod

8 Cod

20 inch
Cod

10 Haddock

12 inch
Haddock

CATCH

NUMBER OF LEGAL-SIZE FISH You CATCH
These fish are at least legal minimum size. Some
fish are released if you catch more than the daily
bag limit.

NUMBER OF UNDERSIZED FISH You CATCH
These fish are below the legal minimum size. All of
these fish must be released.

NUMBER OF OTHER FISH You KEeP
Other fish you catch on this trip that can_be legally
kept.

10 Cod

1 Cod

6 Haddock
3 Pollock

6 Cod

3 Cod

1 Haddock
1 Pollock

1 Haddock

1 Haddock

3 Cod
6 Pollock

TRIP DETAILS

TRIP LENGTH
Total time purchased for this trip.

ToOTAL TRIP COST

YOURshare of the fishing trip cost, including bait,
ice, fishing equipment, daily license fees, boat
rental fees, boat fuel, and round trip
transportation costs associated with traveling to
and from the fishing location. Travel costs may
include vehicle fuel, car rental, tolls, airfare, and
parking. This cost does not include the price of
food or drink.

2 Hours

$78

8 Hours

$312

10 Hours

$70

Do
something
other than

saltwater
fishing.

1

2

I like this trip best:
(Please mark ONE option YOU like best
with a B or B)

Please rate the trips listed in the table above.

TRIP A DISLIKE 1 2 3
TRIP B DISLIKE 1 2 3
TRIP C DISLIKE 1 2 3
TRIP D DISLIKE 1 2 3

TRIPA ..

TRIPB 4

TRIPC ..

TRIPD ..

(Circle the number that reflects your opinion best .)

4 5
4 5
4 5
4 5

6

7

8

9 10
9 10
9 10
9 10

LIKE

LIKE

LIKE

LIKE

Questions? Call Sonia Jarvis at 301.713.2328 x1040r email Sonia.Jarvis@NOAA.GOV 4

Figure 25. Sample hoice experiment (pagesl4, 3-Alternative treatment).



SECTION B: SALTWATER FISHING TRIPS

Please_compareTrip A, Trip B, and Trip C in th e table below, then answer questions 1 and 2.
Compare onlythe trips on this page . Do not compare these trips to trips on other pages in this survey.
Assume that the trips below are identical in every way except for the features listed in the table.

All regulations remain as they are today unless otherwise noted in the table below.

TRIP FEATURES TRIP A TRIP B TRIP C

DAILY BAG (T AKE) LimiT

(2]

P4

'9 Number of fish you can legally keep per day. el & el
3

3 |MINIMUM  SIZE LimiT 23 inch 24 inch
&J Smallest fish you can legally keep of this species. Pollock Cod

NUMBER OF LEGAL-SIZE FISH You CATCH
These fish are at least legal minimum size. Some fish are 1 Pollock 3 Cod
released if you catch more than the daily bag limit.

Do
'2:; NUMBER OF UNDERSIZED FISH You CATCH something
& | These fish are below the legal minimum size. All of these fish 3 Pollock 1 Cod other than
must be released. saltwater
NUMBER OF OTHER FISH You KEEP 1 Cod 6 Haddock fishing.
Other fish you catch on this trip that can_be legally kept. 3 Haddock 1 Pollock

TOTAL TRIP COST

YOURshare of the fishing trip cost, including bait, ice, fishing
equipment, daily license fees, boat rental fees, boat fuel, and
round trip transportation costs associated with traveling to $15 $120
and from the fishing location. Tr avel costs may include vehicle
fuel, car rental, tolls, airfare, and parking. This cost does not
include the price of food or drink.

CosT

1 1like this trip best:
(Please mark the ONE option YOU like best witha ; or @) TRIPA .. TRIPB .. TRIPC ...

2 Please rate the trips listed in the table above. (Circle the number that reflects your opinion best .)
TRIP A DISLIKE 1 2 3 4 B 6 7 8 9 10 LIKE
TRIP B DISLIKE 1 2 3 4 5 6 7 8 9 10 LIKE
TRIP C DISLIKE 1 2 3 4 5 6 7 8 9 10 LIKE

Questions? Call Sonia Jarvis at 301.713.2328 x104 or email Sonia.Jarvis@NOAA.GOV 4

Figure 26. Sample hoice experiment (pagesl4, Shore treatment).
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SECTION N: ABOUT YOU AND YOUR HOUSEHOLD

1  Areyou male or female? .. Male . . Female

2 How old are you? .. 18-24 years . . 25-44 years . . 45-64 years . . B5 years and over

3 What is the highest level of education you have completed? (Please mark only onecategory.)
. . .Some high school . . JA-year degree
. .High school graduate or GED completion , , ,Some graduate school
. . .2-year degree or trade school graduate .. .MasterOs degree (ex: MA, MS, MBA)
. JAttended some college . . .Professional or doctoral degree

4 What is your ethnic background? (Please mark all that apply.)

.. White . . Asian or Pacific Islander
. . .Black or African American . . American Indian
. . Hispanic or Latino . . Other:
5  Which of the following categories best describes your householdOs total annual income before
taxes in 20087 (Please mark only one category.)
.. .Less than $20,000 . . .$80,000K99,999
. .$20,000N39,999 .. .$100,000N149,999
. . .$40,000N59,999 .. .$150,000N199,999
.. .$60,000N79,999 .. .$200,000 or more
6  Was this survey completed by the person to whom it was mailed? Yes No

THANK YOU FOR PARTICIPATING !

Your answers to this survey will help us better manage our fisheries. If you have any questions or comments
regarding the survey, contact Sonia Jarvis at 301.713.2328 x104  or email Sonia.Jarvis@NOAA.gov

Cover page image courtesy of Kevin Sullivan, New Hampshire Fishand Game D A ing any other p. of the law; no person is required to
respond to, nor shall any person be subject to a penalty for failu re to comply with a jon of i jon subject to the requir of the Paperwork Reduction Act,
unless that collection of information displays a currently valid OMB Control Number. Public reportng burden for this survey is estimated to average 20 minutes per re-
sponse, including the time for reviewing in structions, searching existing data sources, gathering and maintaining the data needed, and completing and reviewing the

jon of ir jon. Send ing this burden estimate or any other aspect of this jon of it jon, including jons for reducing this
burden, to Sonia Jarvis, NMFS F/ST5, 1315 East West Highway, Silver Spring, MD 20901.

Figure 27. Surveylast pagelfack covey.



Appendix B Experimental Designs

Overview of OptimaExperimental Designs

Optimal design methodology has arisen in response to situations where classical
tabulated designs (full factorial, fractional factorial, Latin squares;Bahnken, etc.)
are incapable of adequately addressing the experiment. Irafi@stbe need for a non
classical tabulated design comes from a mixture of model nonlinearity and an odd
combination of factoetevel requirementslhe termdactor andattributeare used
interchangeably in the literature to denote variables of interesttefimlevelrefers to
fixed values for factors that have more than one value (some factors may have only one
value).A researcher desires to use an optimal design because it ensures that the outcome
of his experiments, the fitted mathematical functiomnfodel), results in predicted
values that are close to the observed raw data. Changes to the experimental design
directly affects the degree of control a researblas on the fit of models, particularly
when external restrictions are imposed. As stategbbyson and Mansfield (2008), Ono
amount of complex analysis can compensate for a poor survey design that can generate
only flawed [CE] data.O

A good experimetal design ensures that factor effects arecantaminatedby
other factor effects or the sugvdesign. The goal is to construct a medependent
design that enables the estimation of all primary relationships, has capacity for an
alternative model, minimizes variation in estimated coefficientseasesamplesize
where necessary to minimizdlurences by noisy areas or capture steep changes in the
model, replicates sample points as much as possible, and randomizes the sequence of data

values during collection (Croarkin & Tobias, 2010). The use of effickemayimizing
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algorithms does not guartae designs that are mathematically optimal, but the results are
commonly accepted as such.

Analyses of experimental designs with fadirel matrices< are based oK!X,
the sum ofquares (or information matri>()>,(!X)'1, the matmx inverse of the surof
squaresand the eigenvalues of the inver8eThe main attributes of interest when
considering the optimality of potential designs are balance and orthogonality. A balanced
design is an experimental design where all puhave the same number of obssions,
guaranteeing an orthogonal relationship between the intercept and eaclAeaffiecbr
factor combination is one alternative (vector of attributes) in a choice experiment.
Mathematically, all offdiagonal elements in the intercept row and colamazero for
(X!X)™. An orthogonal design is one where combinations of levels for specific factors are
proportional or equal, and the submatrix %fX)™* excluding the intercept row and
column is diagonal. A balanced and orthogonal design meets sgéfidiency criteria
so that, foN repetitions of the designX(X)™ is diagonal an&!X = NI wherel is an
identity matrix of dimensions equal to the number of runs in the experiment.

There are four main types of efficiency criteria. To achiexgpbmdity, the
experimental design minimizes the generalized variance of the parameter estimates
(measured by the geometric mean of the eigenvaki®$)|t[*?). In A-optimality, the
experimental design minimizes the average variance of the parameter estimates
(measured by tr{!X)™)/p). G-optimal experimental designs maximize the maximum
variance of the predicted values as measured by the maximum standard error of
prediction over the candidate setogtimal designs minimize the average variance of the

predided values. A D-, and G efficiency measures are convex functioné&a@nd are
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usually correlated. All three measures increase when designs tend towards balance and
orthogonality. The most common experimental design algorithms are based on
maximizing Defficiency because the algorithms are less computationally expensive than
any of the other methods and the ratio of any two designs does not change, whereas some
measuresq.g.,A-efficiency) may vary depending on the coding scheme.

Only full-factorial degyns achieve Eefficiency scores of 100. Fdli&ctorial
designs contain every possible combination of attribute and attribute level. It is not
possible to administer such surveys in most cases either due to cost or respondent burden.
For example, a threetatnative, three attribute study with three levels per attribute would
require 3 x 3*x 3* = 19,683 choice sets for an orthogonal and balanced design (Louviere
et al, 2000). Most experimental designs employethe@social scienceare blocked
fractionalfactorial designs with Eefficiency scores below 100. Subsets of choice
experiments are selected from the-falttorialand then arranged into sevebédcksor
survey versions, minimizing respondent burden, but also reducing the ability to identify
all combinationsf attribute effects.

Researchers may elect to cleanly estimate any combination of main effects and
interaction effectsA main effects a change in the outcome varialflbased on a change
in one factor. For example, increasing the numbécandies consumed by a child from
3 to 10 induces 2 additional tantrums interaction effects a nonadditive change in
the outcome variablé based on a change in two or more factpendx.. For example,
combinations of water and light levdiave different effects on plant heigbesired
estimable effects must be explicitly specified in the design search algorithm for

fractionalfactorial designs; otherwise, other effects may confound the results. The
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number and type of attribute effects stdel determines the designQsfiitiency score

and the total number of choice experiments that must be run to achieve the statistical
properties desired. In the example above, only 243 choice sets are required to identify all
main effects and twavay inteaction effects. This number can be divided among several
blocksto minimize respondent burdefhe threealternative example survey could be
decomposed into 27 versions with 9 questions each, or 9 versions with 27 questions each.

Utility and the Experimental Design

Based on LancasterOs approach to consumer theory (1966, 1971) and random
utility theory, the basic assumptions of (DE stated preference technique are that the
utility of a good consists of the utility of the attributes characterizing the goddhe
researcher is only able to observe a component of the consumerQOs utility function.
Classically, the utility function is assumed to be a lineggarameters function of
product attributes and net income,

Vit(M, DPi, Zik, €in) ="' L + i, (B.1)
where V, denotes the indirect utility of individualfor choosing alternativefrom CE
k, M, is the respondentOs annual household ind@yris the price of alternativiin
choice sef, L = [M, BDP;zikqd«is a column vector of regressors, and the row véctor
[! 1! ] represents the portion of thedividualOs utility functiorp@rtworths) that are
attributable to characteristics of the environmental good or policy specifiedTine
random component @rror terme;,, may include characteristics of the alternative
omitted by the researcher, measurement errors, unobserved characteristics of the

individual, or the choice context.
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The individualn is assumed to choose alternativeom CE K if the utility of that
alternative exceeds the utility associated with any other alternative in the chdge set

which can be expressed as the probability

Pin(i [Skn) = Pr[Vikn(Mn - Pk, Zik, 'ikn) " Vikn(Mn = Pk, Zik, !jkn)]
Lj"i# Sk (B.2)

Using the lineain-parameters specification above, the probability function can be

rewritten as

e (V[ =gt e 1)
Py ! . ~. B.3
v vesh e (e ) (B-3)
Assuming completely independent choices, thelikaglihood function is thus
I {L(I )} - ZI 11 Zl [ le ! - "# !" (' I"# )’ (B4)

whereyi, is 1 if individualn chooses alternativien CEk, 0 otherwise.
Optimal experimentalesigns are selected such that the vectorsiaimize the
variancecovariance matrix of the parameter estim&eshich is asymptotically

equivalent to

$1

RPR %/(P/d)/dlﬁlekn r|kn)
n=1k=1 i=1 , (B_5)
where g =2Zp — 20 Vi iy (B.6)

If the assume@ used in constructing the design is correct and there are no external
sources of variance, then the variance matrix of the design should be very close, if not
exactly, the variance matrix of the resulting analysguation B5 shows howncreasing

the nunioer of alternatives, choice sets per respondenthamiber ofrespondents

increases the statistical efficiency of the design and minimizes the vacevegance

matrix of$. Further information regarding optimal design and econometric methods can

befound in Train (2003and in KuhfeldOs SAS documentafiiginhfeld, 2009).
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Appendix C Simulation Results

Table53. Expected Keep Using Theoretical Framework

Regulations 2011 2012 2013 2014 2015
C: 20", 10 fish 5.16 5.12 5.12 5.11 5.11
C: 20", 20 fish 6.00 5.96 5.95 5.94 5.94
C: 22", 10 fish 4.97 4.91 4.91 4.89 4.89
C: 22", 15 fish 5.66 5.58 5.58 5.56 5.56
C: 24", 10 fish 4.70 4.59 4.59 4.55 4.55
C: 24", 8 fish 4.25 4.15 4.15 4.12 4.12
C: 26", 10 fish 4.40 4.24 4.24 4.19 4.19
C: 26", 5 fish 3.04 2.93 2.93 2.90 2.90
C: 26", 8 fish 3.98 3.84 3.84 3.80 3.80
H: 14", no limit 3.72 3.72 3.72 3.72 3.72
H: 16", no limit 3.71 3.71 3.71 3.71 3.71
H: 18", 10 fish 3.19 3.17 3.16 3.16 3.16
H: 18", no limit 3.66 3.64 3.63 3.63 3.63
H: 19", no limit 3.61 3.58 3.56 3.56 3.56
H: 20", 10 fish 3.07 2.96 2.91 2.91 2.91
H: 20", 15 fish 3.32 3.20 3.15 3.15 3.15
H: 20", no limit 3.52 3.40 3.34 3.34 3.34
H: 21", 10 fish 2.89 2.76 2.69 2.68 2.69

Table54. Expected Release Using Theoretical Framework

Regulations 2011 2012 2013 2014 2015
C: 20", 10 fish 1.09 1.12 1.12 1.13 1.13
C: 20", 20 fish 0.25 0.29 0.29 0.30 0.30
C: 22", 10 fish 1.28 1.34 1.34 1.36 1.36
C: 22", 15 fish 0.59 0.66 0.66 0.69 0.69
C: 24", 10fish 1.55 1.66 1.66 1.69 1.69
C: 24", 8 fish 1.99 2.09 2.09 2.12 2.12
C: 26", 10 fish 1.85 2.00 2.00 2.05 2.05
C: 26", 5 fish 3.21 3.31 3.31 3.35 3.35
C: 26", 8 fish 2.27 2.41 2.41 2.45 2.45
H: 16", no limit 3.72 3.72 3.72 3.72 3.72
H: 18", 10 fish 3.71 3.70 3.70 3.70 3.70
H: 18", no limit 3.71 3.70 3.70 3.70 3.70
H: 19", no limit 3.69 3.68 3.68 3.68 3.68
H: 20", 10 fish 3.67 3.64 3.62 3.62 3.62
H: 20", 15 fish 3.67 3.64 3.62 3.62 3.62
H: 20", no limit 3.67 3.64 3.62 3.62 3.62
H: 21", 10 fish 3.61 3.57 3.55 3.55 3.55
H: 14", no limit 3.72 3.72 3.72 3.72 3.72
H: 18", no limit 3.71 3.70 3.70 3.70 3.70
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Table55. SimulatedCatch Estimategveraged AcrosScenarioYears(LIC Model)

Total Cod Total Cod Total Haddock  Total Haddock
Regulations Kept Released Kept Released

20 C! 20", any H! 14" 1,582,754 179,185 1,019,669 4,419

10 C! 20", any H! 18" 1,293,151 144,147 968,280 44,066
15 C! 22", any H! 16" 1,379,355 299,736 1,003,076 14,834
15 C! 22", any H! 18" 1,377,738 298,964 969,773 44,182
10 C! 22", any H! 16" 1,217,924 261,760 999,165 14,739
10 C! 22", any H! 18" 1,216,340 260,989 965,988 43,912
10 C! 22", 15 H! 20" 1,212,535 259,119 842,278 88,187
2C! 22" any H! 18" 415,577 62,957 933,590 41,898
10 C! 23", any H! 18" 1,195,206 292,128 965,129 43,869
2C! 23", any H 18" 414,437 71,611 933,738 41,907
10 C! 24", any H! 16" 1,160,422 345,808 996,694 14,690
10 C! 24", any H! 18" 1,158,870 344,809 963,619 43,768
10 C! 24", any H' 19" 1,157,178 343,625 925,538 76,794
8 C! 24", 10 H! 18" 1,052,783 309,332 789,009 34,875
2C! 24" any H' 18" 412,407 86,804 933,923 41,909
10 C! 26", any H! 18" 1,072,476 467,591 960,425 43,586
10 C! 26", any H! 20" 1,070,080 465,222 900,378 95,589
5C! 26", 10 H! 21" 775,739 318,232 718,946 110,249

Table56. SimulatedCatch Estimates Averaged Acr@&senarioYears (NIC Model)

Total Cod Total Cod Total Haddock  Total Haddock

Regulations Kept Released Kept Released
20 C! 20", any H! 14" 1,751,047 206,515 1,108,469 5,010
10 C! 20", any H! 18" 1,467,583 172,251 1,060,140 50,988
15 C! 22", any H! 16" 1,546,763 352,564 1,094,242 17,045
15 C! 22", any H! 18" 1,545,379 351,873 1,059,371 50,900
10 C! 22", any H! 16" 1,385,337 314,518 1,093,648 17,027
10 C! 22", any H! 18" 1,383,774 313,775 1,058,785 50,852
10 C! 22", 15 H! 20" 1,380,785 312,330 935,612 104,719
2C! 22" any H! 18" 476,766 91,742 1,031,391 48,996
10 C! 23", any H! 18" 1,359,807 351,846 1,058,258 50,816
2C! 23", any H! 18" 475,095 104,734 1,031,793 49,007
10 C! 24", any H! 16" 1,319,375 417,483 1,091,895 16,991
10 C! 24", any H! 18" 1,317,907 416,643 1,057,125 50,745
10 C! 24", any H! 19" 1,316,109 415,590 1,016,744 89,466
8 C! 24", 10 H! 18" 1,209,470 380,738 893,813 42,379
2C! 24" any H' 18" 471,829 128,025 1,032,327 49,010
10 C! 26", any H! 18" 1,216,376 565,016 1,054,631 50,573
10 C! 26", any H! 20" 1,213,723 563,028 990,568 111,782
5C! 26", 10 H! 21" 892,091 403,910 816,677 136,224
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Table57. SimulatedCatch Estimates Averaged Acré&senarioYears (NICU Model)

Total Cod Total Cod Total Haddock  Total Haddock

Regulations Kept Released Kept Released
20 C! 20", any H! 14" 1,765,050 208,648 1,115,547 5,078
10 C! 20", any H! 18" 1,481,631 174,460 1,067,558 51,657
15 C! 22", any H! 16" 1,559,850 356,539 1,101,473 17,253
15 C! 22", any H! 18" 1,558,823 355,997 1,066,641 51,554
10 C! 22", any H! 16" 1,398,326 318,470 1,101,078 17,242
10 C! 22", any H! 18" 1,397,046 317,867 1,066,248 51,513
10 C! 22", 15 H! 20" 1,394,460 316,590 943,064 106,197
2C! 22" any H! 18" 480,159 93,665 1,040,196 49,774
10 C! 23", any H! 18" 1,372,679 356,394 1,065,671 51,479
2C! 23", any H 18" 478,496 106,887 1,040,548 49,778
10 C! 24", any H! 16" 1,331,458 422,742 1,099,434 17,212
10 C! 24", any H! 18" 1,330,276 422,067 1,064,638 51,420
10 C! 24", any H! 19" 1,328,713 421,148 1,024,159 90,627
8 C! 24", 10 H! 18" 1,221,057 385,903 901,079 43,039
2C! 24" any H' 18" 475,208 130,615 1,041,104 49,786
10 C! 26", any H! 18" 1,227,251 572,125 1,062,038 51,252
10 C! 26", any H! 20" 1,225,092 570,443 997,991 113,282
5C! 26", 10 H! 21" 901,296 410,368 824,636 138,672
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