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Abstract

Fishers’ trip choice behavior in Hawaii's longline fishery was analyzed by applying a utility theoretic mixed model (a com-
bination of the conditional and multinomial logit (unordered) models) which accounts for both choice- and individual-specific
attributes. The results indicate that fishers demonstrated utility maximizing and risk-averse behavior. They exhibited ‘inertia’
in switching to alternate trip choices. The stock level of major species, vessel age and size also significantly influenced fisher’s
trip choice behavior. There was a high proportion of concord between the actual choice and model’s in-sample prediction of
choices. Trip choice behavior was also simulated under different fleet structure and stock conditions.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction and contraction of fishing effort would be important
in predicting fishery choice behavior of fishers un-
Economic theory predicts that fishers will redis- der the realistic assumption that management cannot
tribute fishing effort across fisheries or fishing loca- completely control fishing effort. Fisher’s behavioral
tions when expected economic return differs across response is crucial for a rational fishery management
them Gordon, 1953 Predicting the distribution of  (Bockstael and Opaluch, 1983An understanding of
fishing effort becomes much more complex in a multi- the behavioral response of fishers on their trip choice
species fishery where profit expectations differ across decisions will be, therefore, of paramount importance
fisheries, fishing locations, and fishers. Changes in bio- in Hawaii’'s longline fishery from a fishery policy and
logical, economic or regulatory conditions that change management perspective. Studies on behavioral as-
the profitability of one fishery or fishing location will ~ pects of fishers are emerging and the discrete choice
result in redistribution of fishing effort between al- model used by Bockstael and Opaluch on output
ternative fisheries or fishing locationsidlland and supply response has since become the framework of
Sutinen, 1999 Fishers may also consider any belief, choice for fishery economists on studies related to
tradition, preferences, and risk factors in their trip fishery and fishing location choiceMistianen and
choices. Identification of the sources of expansion Strand, 2000
Fishery choice is defined as the choice of a major
" Corresponding author. Tek+1-808-956-8562; target species_ or a group of species that could be har-
fax: +1-808-956-9269. vested by a single gear typ®paluch and Bockstael,
E-mail address: psleung@hawaii.edu (P. Leung). 1984). Fishery choice in the present study specifically
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means the longline fisher’s choice of a trip type as re- of trip chosen. Further, how redistribution of fishing
flected in their choice of major targeted species. Other effort to different trip types occurs under different
fishing gears such as troll and handline or fisheries stock levels and fleet structures was also examined. In
like bottomfish and lobster fisheries were not consid- the following sections, a brief description of Hawaii's
ered, as switching between them rarely occurs. In fact, longline fishery is presented, followed by a con-
not in any situation are fishers able to make frequent ceptual/empirical model specification, discussion of
gear changes or major vessel outfitting to harvest fish results, and concluding remarks.
of different dwelling and foraging habits, as this may
involve substantial cost in retro-fitting a fishing ves-
sel. However, the use of the same basic equipment for 2. Longline fishery and trip choicesin Hawaii
all target species in the longline gear or fishery allows
fishers to switch between major target species even on  Hawaii's commercial fishing industry consists pri-
a trip-to-trip basis without the need for major outfitting marily of multispecies pelagic fisheries. The fishery is
of vessels. Based on major targeted species or groupgenerally confined in the mid-North Pacific Ocean in
of species, three trip choices are prevalent in Hawaii's the range of 42N to the equator and 14%/-175E
pelagic longline fishery: swordfish, tuna, and mixed (Pooley, 1993 Although Japanese immigrants in-
trips. During swordfish and tuna trips, the primary troduced longline fishing technology to Hawaii in
targeted species are swordfiskighias gladius) and the early 20th century, a large number of modern
bigeye tuna Thunnus obesus), respectively. However,  capital-intensive longline vessels entered Hawaiian
fishers target both in mixed trips. These choices are waters from mainland US during the late 1980s. The
discrete as they are planned a priori and hence carriednumber of active longline vessels almost quadrupled
out accordingly with suitable strategies and inputs for from 37 in 1987 to 141 vessels in 1991. This num-
the trip. The choices are influenced by various factors, ber then leveled off at about 120 vessels from 1992
such as the amount and variability of expected return through 1994, declined slightly to 103 in 1996, and
from a particular trip type; belief, tradition, habit increased to 125 in 2000t¢ and Machado, 2001
and preferences; seasonal abundance and demand foHowever, these numbers are still below the issued
fish; knowledge of fish habitats and their movements; 164 number of “limited entry” permits. Currently the
shared information among fishers; availability of tar- longline fleet includes several older wooden longlin-
get specific equipments in the vessel; and skills and ers, a few fiberglass vessels, and many newer steel
knowledge about technologies to target a particular longliners that were previously engaged in the fishery
species or group of species. It was observed that someoff the US mainland\WPRFMC, 199%.
fishers switched between trips while others adhered to In a relatively short time span, the longline fish-
the same type of trip for a long period. For a fishery ery has also grown to be the largest and most promi-
manager it is important to know which fishery fishers nent commercial fishery in Hawaii. The structure of
prefer to be in, and what triggers them to choose one the fishery has witnessed dramatic changes in almost
type of trip over another. The information would be every aspect, including marketing strategies, gear se-
useful for fishery policies, planning, and management. lection, species composition, and fishing destination.
In this paper, an analysis of trip choice behavior Many vessels have upgraded to high-tech monofila-
of Hawaii's longline fishers is presented in a utility ment line and adopted a multitude of modern and
theoretic framework using trip-level information over efficient technologies, such as acoustic Doppler cur-
the period 1991-1998. McFadden’s choice model or rent profilers, chronoscopic fish finders, satellite nav-
mixed model was applied in analyzing the trip choice igation systems, communications, color video echo
behavior. Whether fishers were behaving rationally sounders Qollar, 1992; WPRFMC, 1995 In 1998,
by choosing a trip that yields higher expected rev- the longline fishery alone accounted for 85% of the
enue among the alternative trips was examined. Also commercial catch that totaled nearly 29 million pounds
examined were their risk behavior and resistance to (13.18 million metric tonnes) with an ex-vessel value
change from one trip type to another, and how fish of about US$ 47 million Ifo and Machado, 1999
stock abundance, vessel age and size affect the typeBigeye tuna has been a major target species of the
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Hawaii longline fishery since the 1950s. Swordfish similar to that used in the swordfish trip except that
was a minor species until the 1990Sufran et al., the mixed set uses fewer light sticks and slightly
1996; Dollar, 1992 Other commercially important more hooks, enabling the mixed set to target both
pelagic bycatch are yellowfin tun@ @l bacares), alba- bigeye tuna and swordfish. Therefore, swordfish sets
core (T. alalunga), and marlins (Blue marliMakaira use about 485 light sticks per set compared to 225 in
mazara, Striped marlinTetrapturus audax, and Black mixed sets. Further, the mixed trip does not involve
marlin M. indica), etc Until June 2000, there was no altering a set or switching sets designed to target
limit to the total allowable catch of each commercially bigeye tuna or swordfish during a trip. The length
important species. But, swordfish harvest by longlin- of the main line in a tuna set is about 20-25 miles,
ers was banned due to the concern over marine turtle compared to 35—-45 miles in swordfish and mixed sets.
interaction with longline swordfish fishing till Septem- The tuna set is laid out in the morning and hauled in
ber 2003. This study, therefore, analyzes fishers’ trip the evening, while swordfish and mixed sets are laid

choice behavior during the period when there was no out in the evening and hauled in the mornirgu¢tis,

swordfish harvest ban.

The National Marine Fishery ServicesNIFS)
Honolulu Laboratory also classifies longline fishing
trips into one of the three trip categories—swordfish
trip, tuna trip, and mixed trip, based on in-person
interviews, fishing destination, input use, time of
set, catch composition, and species target@art(s,
1999. However, each fishing trip choice is basically
a priori choice of a fisher, as each trip strategy in-
volves a different production technology, such as
timing of laying out of sets, depth and number of
hooks and light sticks, and type of hooks or baits to

1999. Thus, the operational strategies vary with the
targeted species without involving any major outfitting
of the vessel or gear. Most fishers adhered to a partic-
ular trip choice for most of the time. However, some
switched target species on a seasonal or quarterly ba-
sis and in some instances on a trip-to-trip basis. On a
sequential quarter-to-quarter basis the longline fishers
switched from one trip type to another in 17% of
the 2855 quarterly averaged trip observations during
1991-1998 Table 1. The most frequent switching
took place by the mixed trippers, followed by sword-
fish trippers. Therefore, it is imperative to understand

be used. Such input decisions are made prior to a trip the factors why some fishers switched trips and others
is actually taken. In 98% of trips during 1991-98, it did not.

was observed that fishers selected only one type of

set throughout a trip. It is evident from the logbook

records that, on average, tuna sets use more hooks3. Conceptual framework

per set compared to swordfish and mixed sets, i.e.,

1441 hooks per set in tuna sets versus 815 and 876 Following McFadden (1973) a random util-

in swordfish and mixed sets, respectively. The timing ity model is used to analyze a fisher's fishery or
and configuration of a set used in the mixed trip is trip choice behavior. Chronological development of

Table 1
Switching trip choices by the longline fishers in Hawaii during 1991-1998

Number of switches
between trips

Trip switching Proportion of

From To Total trips (%) Own trip type (%)
Tuna trip fH = 1184) Mixed trip 39 1.37 3.29
Swordfish trip 58 2.03 4.90
Swordfish trip o = 741) Tuna trip 46 1.61 6.21
Mixed trip 99 3.47 13.36
Mixed trip (n = 930) Tuna trip 93 3.26 10.00
Swordfish trip 152 5.32 16.34
Total quarterly averaged trips (= 2855) 487 17.06

Source: Data compiled from the logbook records, Honolulu Laboratory.
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different forms of economic decision models can be resents unobservable factors, measurement errors, and
found inMcFadden (2001 )out the details of different  unobservable variations in preferences and/or random
choice models can also be foundNMuaddala (1983) individual behavior ry et al., 1993 The error term
Train (1993) Long (1997) Poweres and Xie (2000) is assumed to be uncorrelated across choices, and this
and Greene (2000)A random utility model arises  assumption leads to the independence of the irrelevant
when one assumes that, although the decision maker’salternative property in the choice model, i.e., outcome
utility function is deterministic for that person, it con- categories can be plausibly assumed to be distinct in
tains some components which are unobservable to thethe eyes of each decision-maker. Utility depends on
econometric investigator and are treated by the investi- characteristics specific to the choices as well as to the
gator as random variables. The unobservable could beindividual-specific (or vessel specific in trip choice
the characteristics of the decision-maker or attributes analysis here)X;; are the attributes of the choices for
of the choices. The concept, therefore, combines two which the values of variables vary across choices and
ideas that have a long history in economics—the idea possibly across the individuals as wall; contains
of a variation in tastes between individuals in a pop- the characteristics of the individual or factors whose
ulation and the idea of unobserved variables in the values are invariant to a choice one makes. The unob-
econometric modelHanemann, 1984 served component of the utility is assumed, through
In the random utility maximization hypothesis, a extreme value distribution, to have a zero mean; the
decision makeri can be described as facing a choice observed part of the utilityy;;, is the expected or av-
between a finite and exhaustive set of mutually exclu- erage utility (rain, 1993. The expected utility is a
sive J alternatives. He chooses an alternafive J if reasonable objective for choice problems in the face
and only if Ujj > Ujfor I # j. Preferences are de- of uncertainty Varian, 1993. The statistical model is
scribed by a well-behaved utility function whose ar- driven by the probability that choiges made, which is
guments include a vector of exogenous constraints on

current decision-making. For a given individuathe Pj = P(Vij = Vit > el —&ij) VI ]

probability that a choicgwithin the choice se€ will Sincee;; ande;; are random variables, the difference
be made can be expressed as between them is also a random variable. Netbe

_ ' _ a random variable that indicates the choice made. If
P(j) =P |:Uj = max Uf} VjileC, j#I (and only if) theJ disturbances are independent and

identically distributed with Weibull distribution as

whereU' is the maximum utility attainable for an in-  F(eij) = exp(—e~ i), then the probability that the
dividual'i if he chooses a decisionfrom C, [j = decision-maker will choose alternatiyeis given as
1, ..., J]. Typically, the linear utility function is spec-  (Greene, 2000
ified as the function of observable variables that are ) o W

i ve util - eVi ef' Xii g Wi
assumed to impact the relative utility of alternative P(Y; = jIXij, Wi) = _
choices. Specifically, the random utility function can ij-zle"ii Z/’.:leﬁ/xij e*iWi
be decomposed into a systematic (deterministic) term o ) S
(V) and a stochastic compones} és follows Greene Probabilities are estimated for each individual as a

2000: group (each individual facing all probable choices).
When the data consist of only choice-specific at-
Uij = Vij + &ij = 0'Zij(Xij, Wi) + &ij tributes and whose values vary across alternatives,

the appropriate model is theonditional logit. One
estimates a single parameter for the effect of the vari-
whered, g anda; are vectors of coefficients provid- able. When data consist of only individual-specific
ing information on the marginal utilities with respect information and the value of a variable does not dif-
to the relevant characteristidg;; is interpreted as the ~ fer across outcomes, the appropriate model is the
indirect utility function. The deterministic component multinomial (unordered) logit. On the other hand,
V;; can be thought of as the expected utility the indi- when data consists of choice- and individual-specific
vidual can obtain and the random compongntep- attributes, an interesting possibility is combining the

= XijB + Wia; + ¢j
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conditional and multinomial logit (unordered) model
in a single model, referred to as a mixed model and
estimated by modifying the conditional logit model.
The mixed model could avoid specification error, if
any, due to the omission of relevant variables. To
incorporate individual-specific covariates in the con-
ditional logit model, a set of dummy variables corre-
sponding to each of thé alternatives is created and
each individual-specific covariate is multiplied by this
set of dummiesl(ong and Freese, 2001; Poweres and
Xie, 2000; Hoffman and Duncan, 198870 identify
the model, one would have to normalize one of the
alternative and set the for that alternative to zero.
Following this approach, the logit in the mixed model
is expressed aspweres and Xie, 2000

oal Zi) = w _ ey

0og (E) = Wi (Olj —a;) + (le — Xi)'B

The model can be evaluated using one of the following
goodness of fit tests asdudge et al. (1985}i) a com-

parison of the actual share in the sample for each alter-

native with the predicted share allows an evaluation of
different model specifications; (ii) Lagrange multiplier
(log likelihood chi-square test) where all coefficients
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related to fishing location choices, such as the studies
by Eales and Wilen (1986)Mistianen and Strand
(2000) and Smith (2000) and still others are related
to fishing location/fishery choice, as thoseHglland

and Sutinen (2000 the New England trawl fishery
and byCurtis and Hicks (2000)n Hawaii's longline
fishery. The choice of functional forms also varied in
these studies. For examplBpckstael and Opaluch
(1983) suggest that the choice of utility function is
necessarily arbitrary, and they use a logarithmic util-
ity function. The function is restrictive as it assumes
monotonicity in wealth and implied risk aversion.
Mistianen and Strand (200@)se a quadratic utility
function where utility function is non-monotonic in
wealth in certain ranges, and the unlikely preference
structure of increasing absolute risk aversigggert
and Tveteras (200139ndLarson et al. (1999)se the
linear utility function in the mean-standard deviation
framework in the fishing gear choice study. The model
used byHolland and Sutinen (2000Mistianen and
Strand (2000)andEggert and Tveteras (200&)ows
fishers to reveal heterogeneity in preferences by re-
laxing the wealth and cost data requirement, as both
of these kinds of information are costly to gather and

in a model are equal to zero under the null hypothesis not consistently available from all fishers.

implying all alternatives are equally likely; and (iii)
The likelihood ratio index and pseuds is expressed
as,p? = 1— L(B)/L(B"), whereL(B) is the log like-
lihood of the unconstrained model amﬂ{BH) is the
log likelihood of the model under the null hypothesis.
The model is a perfect predictor whed = 1.

4. Empirical procedures
4.1. Previous studies and current approaches

There are only limited studies in fishery economics
literature on modeling commercial fishers’' fishery
choice behavior. Many of these studies followed
an initial application of discrete choice model by
Bockstael and Opaluch (1983) studying fisher’'s
fishery choice behavior in New England’'s ports.
Larson et al. (1999 nalyzed fishers’ choice behavior
in the Bering sea/Aleutian islands trawl ground fish-
eries in AlaskaEggert and Tveteras (200t)odeled
commercial fishers’ gear selection behavior in the

Our approach to a behavioral analysis of fishers’
fishery choice differs from previous works in several
aspects. We extend the modeling approach applied
in the literature to accommodate fishers’ trip choice
behavior in the pelagic fishery environment using
trip-level pooled cross-sectional and time-series data
for the period 1991-1998. A longer time series data
would enhance our understanding of the patterned
behavior of fishers. Earlier studies use choice-specific
variables in modeling fishers’ fishery choice behav-
ior. In this study, in addition to using choice-specific
variables, the model includes individual-specific vari-
ables (i.e., fisher- or vessel-specific) together with
biological variables like stock indices, as it would
be interesting to identify fishers’ behavior in relation
to the seasonal/biological variation of major targeted
stocks. Application of the mixed model in trip choice
analysis is not found in the fishery economics liter-
ature, and the application of this model is also rarely
found in other social science literature. This is because
the datasets typically analyzed by economists do not
contain mixtures of choice- and individual-specific at-

Swedish demersal fishery. Several other studies aretributes, as such data would be far too costly to gather
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for most purposes@reene, 2000; Judge et al., 1985 individual-specific variables with the choice dum-
Trip choice simulation under different stock and fleet mies allow the coefficients to vary across the choices
structure conditions may also provide some insights instead of the characteristics. The deterministic com-
to fishery managers about the degree to which fishing ponent of the indirect utility function or the expected
effort is redistributed among fisheries. utility function of the mixed model is empirically
specified as
4.2. Empirical model
Viiqg = 1 x EREVNTDjjq + B2 x ESDREVNTDjq

Fisher’s trip choice behavior under uncertainty was +61 x PVTRRq + a1j x SW x AGEjq + a2;
empiricegli/hmodeledtbé/ s;t)_?tcifying.thg n:?xedhmodtil. It_ xTN x AGEiq + a3; x SW x MED; + a4;
assumed the expected utility maximization hypothesis
in a linear meanF-)standard dyeviation framewgrrl)( where XTN > MED; + a5j x SWx LRG; + ag;
fishers’ risk attitudes are independent of initial wealth XTN x LRG; + a7; x SW x STKNDXg
level. The Just-Pope production function that meets +agj x TN x STKNDXg
the requirement of the linear mean-standard deviation ’
utility function is specifiedAppendix A), as inEggert ~ The dependent response variablg,, represents the
and Tveteras (2001)The basic assumption in using three trip choices: swordfish trip, mixed trip, and tuna
the mean-standard deviation utility function is that it trip as indexed by for theith vessel or fisher imth
can accommodate fishers’ expectation formation on quarter of a year. The vecto@ « and,é are coef-
trip revenues. It allows heterogeneous risk preferencesficients to be estimated in the mixed model. A value
between fishers. of one (1) is assigned to the dependent variable if a

Itis assumed that fishers consider both the expectedtrip of a particular type was actually chosen, and zero
relative revenue and its variability for the given choice (0) otherwise. Stata SE 7.0 econometric software was
in their trip choice decision. The expected revenue per used in model estimatiorS(ata, 2001
unit effort and its variability are choice-specific at-
tributes. Fishers’ beliefs, traditions, habits, and skills, 4.3. Variables
may also affect trip choice decisions. Other factors
that may affect fishers’ trip choices are individual- or ~ The variables used in the mixed model are defined in
vessel-specific and biological variables, such as vesselTable 2 The explanatory variables in the indirect util-
age, vessel size, and stock indices to reflect seasonalty function are quarterly averaged trip-level expected
variations in stock conditions. The inclusion of these revenue per unit effort (EREVNTL), standard devi-
attributes in the mixed model is done through their ation of trip revenue per unit effort (ESDREVNTRD),
interactions with the trip choice dummies. Interacting a dummy for the previous trip as ‘inertia’ to change

Table 2

Variable definitions

Variables Definition

EREVNTD;j, Expected revenue per unit of composite effort of ttrefisher injth trip in gth quarter (in US$ per net tonne day)

ESDREVNTD;, Standard deviation of EREVNTR (in US$ per net tonne day)

PVTRR, Inertia dummy equal to 1 if current quarter’s trip type is same as in previous quarter, or O otherwise

AGE;, Vessel age in years when the time trip was taken

MED; Vessel size dummy equal to 1 if it is of medium size (56-74ft), or O otherwise

LRG; Vessel size dummy equal to 1 if it is of large size (>74 and up to 100ft), or O otherwise

STKNDX, Fish stock index for the species swordfish, bigeye tuna, and yellowfin. The base case scenario is 1.0 for the
first quarter of 1992

SwW Trip dummy equal to 1 if the chosen trip is swordfish trip, O otherwise

TN Trip dummy equal to 1 if the chosen trip is tuna trip, 0 otherwise

aComposite effort is a product of trip length and vessel net tonnage.
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trip (PVTRR,), vessel age (AGE), vessel size (MEP in the non-chosen alternatives as well assuming that
and LRG), and quarterly stock index (STKNDX of those alternatives were also available to the fish-
the sth species. An ‘inertia’ variable was included as ers. For the chosen alternative, EREVNJDand
there may be economic and non-economic factors that ESDREVNTD), take the values as estimated by using
may prevent fishers from switching from one type of the Just—Pope production function, but takes proxy
trip to another. Sources of ‘inertia’ could be monetary values if the alternative was a non-chosen biide
costs associated with the conversion of the vessel for proxy values were estimated by taking the means of
an alternate choice, and non-economic costs like psy-the expected values of these variables for the vessels
chic costs associated with switching fisheries due to of similar size and trip type for the given quarter of a
family tradition, preferences, fishery-specific knowl- year, an approach similar to that taken Bgckstael
edge and skills, etcBpckstael and Opaluch, 1983 and Opaluch (1983)
The ‘inertia’ variable PVTRE takes the value of 1 if The other explanatory variables that are interacted
the current trip choice for a fisher is the same as his with the trip choice dummies (SW, TN, and MX, for
trip choice in the immediate previous trip and 0 oth- swordfish, tuna, and mixed trips, respectively) com-
erwise. prise vessel age (AGH which is expressed in years at
The trip-level expected revenue and its standard de- the time the trip decision was made, vessel size (MED
viation were estimated by using the Just-Pope pro- and LRG), and quarterly stock indices (STKNDYX
duction function following the procedure iEggert for thesth fish species in thgth quarter of a year. Ves-
and Tveteras (2001 ps detailed out il\ppendix A sel sizes are dummy variables with large and medium
Stochastic revenue functions with fixed effects were vessels taking a value of 1 if they belong to one of
specified to estimate the trip-level expected revenue those categories. To avoid the dummy variable trap,
and its standard deviations. Therefore, the trip-level the small 56 ft) vessel dummy was omitted in the
expected (predicted) revenue (ERf)Vand its stan- estimation.

dard deviation (ESDREY/) were normalized by the Stock indices were included since trip choice
corresponding trip’'s composite effort to derive the ex- also depends on fishers’ expectation about the sea-
pected revenue per net tonne day (EREVN)Gand sonal changes in fish abundances. Tuna and bill-

its standard deviation (ESDREVNTJ) for the tth fish are migratory, and stocks are known to fluctu-
trip. Trip-level observations of these variables were ate on a seasonal and annual basisripbell and
then aggregated and averaged for each fisher and byMcllgorm, 1995. Seasonal fluctuation of different
trip type during a quarter to generate quarterly av- pelagic species in Hawaii is also notedBoggs and
eraged trip-level variables, i.e., expected revenue perlto (1993) Curran et al. (1996)andIto and Machado
net tonne day (EREVNTL),) and its standard devi-
ation (ESDREVNTD)j,). Thus, multiple trips of the 1 The data structure to estimate the mixed model is different
same trip type by a fisher during a quarter were aver- from other regressions. The data was constructed d$offman
aged for the quarter is considered as one type of trip and_ Dun_can_(1988)Each longline fisher generally fa_ces three
observation. If a fisher had also different trip choice choice situations, but he chooses only one per period. For the
A . '~ chosen one, the choice-specific attributéd {ake the expected
during the same quarter, those observations were Sim-yajues. However, proxy expected values have to be assigned for
ilarly aggregated/averaged and considered as a sep-the non-chosen choices assuming that a fisher had the option to
arate trip choice observation. These variables servedchoose from other alternatives as well. This ramifies the number
as explanatory variables for the utiIity function in the of observations by the multiple of total available choices. The
L . . . differences in the values for each choice determine the probabil-
emplrlcal mOde_I and have ChOICE'Sp_ECIf_IC_ attributes ities of various choices for the fisher in that particular trip. Let
as they vary with the outcomes and individual. The ys see how an attribute that is invariant across alternatives can
variables thus normalized also capture the relative re- be introduced to create a mixed model. 24 and D3 be the
turn to capital investment and labor in fishing, making dummy variables for choices 2 and 3, respectively. Interacting the

choice analysis feasible even in the absence of costndVidual-specific W) variable withD; and Ds, we haveD,W
information and D3W variables. Just as in the multinomial logit estimation,

. . they give the effect of variablX relative to an omitted category,
To make the mixed model operational, one has 10 e choice 1. Estimation of this mixed model would yield three

assign expected values for the explanatory variables coefficients—one each fox, D,W, and D3W.
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(1997) The species considered in the model were encountered were not included in the model due to
swordfish, bigeye tuna, and yellowfin tuna. Catch per data unavailability or difficult to collect.
unit of effort (CPUE) by species is the only available
proxy information on stock abundance for this study. 4.4. Data
Clark (1990)has also pointed out that the ratio of
catch divided by effort is almost always taken as at The US National Marine Fisheries Service's
least a rough indication of the current stock level of (NMFS) Honolulu Laboratory longline logbook and
the fish population. The CPUE measure of the num- the State of Hawaii's Division of Aquatic Resources
ber of fish per 1000 hooks was used as a basis for the(HDAR, 1990-1998 commercial catch records are
measure of stock abundance. the key sources of data involved in this study. The
The stock variable is expressed in terms of an in- NMFS logbook data provide information on fishing
dex. The components going into the stock index that effort (such as trip length, number of sets, number
measures relative stock abundance are assumed exef hooks, number of light sticks, etc.), trip type,
ogenous. The circulatory or collinear problem with ocean conditions like sea temperature, wave height,
individual's trip revenue is not serious because the and number of fish caught by species. The HDAR
indices thus generated are aggregate estimates fordata provide information on total pounds and number
the entire fleet. Species-specific stock indices for of fish caught, and revenue by species. Additional
each quarter were constructed from each individual vessel-specific information (such as tonnage, size,
fisher’s trip-level CPUE for each species. The entire age, etc.) was obtained from the data maintained by
trip observations were used for this purpose. Then the US Coast Guard.
this trip-level CPUE was later aggregated and aver- The HDAR data are maintained at the trip-level,
aged quarterly over all fishers and trip types for each while NMFS loghook data are at the set level. There-
species or group of species considered in the analysis.fore, the initial task involved the transformation of the
The estimated species-specific quarterly CPUE was logbook data from set level to trip-level. Then, the
indexed by taking the CPUE measure for the first data from the two sources were merged using some
quarter of 1992 as a reference. A value greater (or key identifying variables, such as vessel permit num-
smaller) than 1 implies a better (or worse) stock situa- ber/name, hauling and reporting dates, species and the
tion for the quarter relative to the first quarter of 1992. number of fish reported. For the period from 1991
The quarterly stock indices were created in such a to 1998, the trip-level longline observations in the
way that all fishers face the same fleet level stock in- NMFS logbook and HDAR datasets totaled 10,597
dex for a given quarter of a year no matter what type and 8618, respectively, of which 6666 were matched.
of trip choice one makes, as trip-level CPUE is not The matched dataset represented about 77% of the to-
introduced in the model. The quarterly stock indices tal catch. The mean statistics between the matched and
capture both seasonal and annual stock variations,unmatched data were also similar. The data for the trip
as well as migratory patterns, recruitment, and other choice analysis included 95% or 158 out of the 167
environmental aspects affecting CPUE. The indices vessels operating during the same period.
thus created also exhibit quarter-to-quarter variation  Because of the seasonal nature of trip choices, the
reflecting seasonal differences in species abundancestrip-level information for each fisher is averaged quar-
The variations may be attributed to seasonal migra- terly, i.e., information generated by a vessel taking
tory and other behavioral patterns of species under multiple trips for a type of trip during a quarter of a
consideration. year was aggregated and averaged to generate quar-
There are few variables of interests, such as dataterly averaged trip-level information, and considered
on fishing experiences, information on if fishers fol- as one unit of observation. Thus, the final dataset con-
lowed lunar calendar in planning swordfish trip, infor- sisted of 2855 quarterly averaged trip-level observa-
mation on the customary practice of observing what tions during 1991-1998. This datasetincreases to 8565
other fishers have landed in large amounts, and in- observations for the mixed model estimation because
formation on communication between peers about the of the three trip choices. All of these observations were
location where a large school of desired species was used in the analysis.
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Table 3
Quarterly statistics for a longline vessel by trip choices during 1991-98

Variables Unit Tuna trip

(n = 1184)
78292 (57908)

Mixed trip
(n =930)
78532 (57151)

Swordfish trip
(n =741)

97206 (71526)

Total revenue US$ per quarter

Revenue US$ per trip 28199 (15228) 36270 (24508) 59643 (34351)

Revenue/composite effort USS$ per trip day per net tonne 64.74 (58.13) 55.67 (44.44) 58.44 (49.62)

Trip length Days per trip 11.53 (3.45) 11.98 (5.94) 17.98 (8.05)

Number of trips No. per quarter 2.70 (1.34) 2.33 (1.30) 1.59 (0.73)

Hooks No. per trip 13985 (6200) 7879 (3603) 10478 (4556)

Sets No. per trip 9.59 (2.70) 9.09 (3.93) 12.80 (4.93)

Vessel capacity Net tonnage 53.87 (25.67) 68.01 (25.85) 76.92 (28.88)
Length (ft) 62.28 (11.15) 72.47 (9.37) 75.07 (9.45)

Vessel age Years 18.99 (14.37) 8.06 (6.44) 8.49 (5.49)

Total catch sold Pounds per quarter 34973 28727 33124

Swordfish Pounds per trip 704 6458 16616

Bigeye tuna Pounds per trip 5381 2643 1856

Yellowfin tuna Pounds per trip 1464 1580 1001

No. of fish caught No. per quarter 640 394 385

No. of fish caught No. per trip 228 179 239

Expected values
Expected revenue/effort
Expected standard deviation
of revenue/effort

US$ per trip day per net tonne
US$ per trip day per net tonne

60.12 (54.83)
18.30 (27.25)

54,77 (41.18)
16.93 (13.93)

57.96 (44.19)
14.92 (14.60)

Values in parentheses are standard deviations.

5. Results and discussion fected by a change in expected revenue per unit effort.
For example, if the expected revenue per unit effort in-
Quarterly statistics of some characteristics in the creased by US$ 1 for a given trip choice, the likelihood
longline fishery by trip type are reported irable 3 of that choice increased by 0.26% (or 2.57% for every
There are differences in some important characteristics US$ 10 increase in expected revenue per effort). This
between the types of trips, e.g., swordfish trips had the indicates that the higher the expected revenue per ef-
largest quarterly total revenue and revenue per trip, fortin a given trip alternative, the higher the likelihood
followed by mixed trips and tuna trips. However, the of that trip being chosen because of the higher utility
relative revenue in terms of revenue per unit effort was associated with that choice, ceteris paribus. The nega-
higher for the tuna trip as compared to swordfish and tive coefficient on the risk variable ESDREVNTR
mixed trips. The quarterly total catch by weight was 5, reflects that fishers exhibited risk aversion, and im-
higher with tuna and swordfish trips than in mixed plies that they preferred alternatives with less variation
trips. Further, fishers made more frequent tuna trips in expected revenue per unit effort, ceteris paribus.
during a quarter than other types of trips, and smaller For example, when the expected standard deviation
and older vessels were more associated with taking of the expected revenue per effort increased by US$

tuna trips than other types of trips.

Many coefficients in the mixed model were statis-
tically significant Table 4. A statistic analogous to
R?, i.e., the pseudp? of value 0.496 explains a sub-
stantial proportion of variation in fishers’ trip choice
behavior. The log likelihood chi-square is also large
and significant.

The coefficient EREVNTD),, 81, indicates how the
logs of the probability ratio of two alternatives are af-

1, the odds of taking that trip decreased by 0.92%
(or 4.60% for every US$ 5 increase in the standard
deviation of expected revenue per effort) holding the
values for the other alternatives constant. The results,
therefore, indicate that fishers responded positively to
increases in expected revenues per effort, and exhib-
ited the utility-maximizing behavior by choosing a trip
type that yielded the best return. They also showed
a risk-averse attitude by choosing a trip alternative
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Table 4

Parameter estimates from the mixed model on trip choice behavior

Variables Coefficients S.E. 4 Odds ratio
EREVNTD (81) 0.0026 0.0014 1.75 1.0026
ESDREVNTD (82) —0.0092** 0.0035 —3.60 0.9908
PVTRP §1) 2.4001** 0.0681 35.23 11.0242
SW x AGE (x1) —0.0325** 0.0118 —2.76 0.9680
TN x AGE (x2) 0.0237** 0.0085 2.79 1.0239
SW x MED («3) 0.3821 0.2620 1.46 1.4653
TN x MED («4) —0.2054 0.2258 -0.91 0.8143
SW x LRG (as) 0.2753 0.2641 1.04 1.3169
TN x LRG (ag) —0.8358** 0.2477 -3.37 0.4335
SW x SWNDX (a7s) 1.1925** 0.2027 5.88 3.2953
SW x BENDX (a7b) —0.3355* 0.1639 —2.05 0.7149
SW x YFNDX (a7y) —0.3099** 0.0952 -3.25 0.7335
TN x SWNDX (ags) —0.7281** 0.2014 —-3.61 0.4828
TN x BENDX (cgp) 0.3634* 0.1509 241 1.4383
TN x YFNDX (agy) 0.22353* 0.0908 2.46 1.2504

N = 7746; LRx2(15) = 280158; pseudg? = 0.4957; P > x2 = 0.0000; log likelihood= —142498.
* Statistical significance at 10% level.
** Statistical significance at 5% level.
*** Statistical significance at 1% level.

that had less variability in expected revenue, ceteris category), ceteris paribus. Interaction of the stock in-
paribus. dices with the swordfish trip dummy indicates that a
Longline fishers also exhibited a strong ‘inertia’ fisher is more likely to take swordfish trip relative to
in switching between the type of trips. The value a mixed trip when the swordfish stock level increases.
of the coefficient of the ‘inertia’ variable PVTRP A unit (or 100%) increase in the quarterly sword-
gives a measure of threshold. The estimated coeffi- fish stock level increases the odds of choosing the
cient for this threshold variablg;, was positive and  swordfish trip relative to the mixed trip by 3.29 times.
statistically significant, showing a substantial ‘inertia’ However, a unit increase in bigeye tuna and yellowfin
to switch from one trip alternative to another. The stock level would decrease the odds of choosing the
likelihood of taking the same type of trip as in the swordfish trip by a factor of 0.72 and 0.73, respec-
previous trip by a fisher was as high as 11.02 times. tively. Similarly, the likelihood of choosing the tuna
This indicates a resistance to change which could trip is higher with an increase of bigeye tuna and
also be partly due to belief, tradition, habit, and skill. yellowfin tuna indices, but decreases with an increase
Switching to an alternative trip may also require the in the swordfish stock level. Relative to a mixed trip,
fisher to be compensated substantially such that thea unit increase in the swordfish stock level would
payoff from the alternative choice exceeds the reserve decrease the odds of taking a tuna trip by a factor of
(threshold) value specific to each fisher. Thus, a very 0.48, and the odds would increase by a factor of 1.43
large increase in the relative revenue may be neces-and 1.25 for an increase in bigeye and yellowfin tuna
sary for a fisher to switch to an alternative trip choice. stock levels, respectively. Thus, the stock levels of the
The above results are qualitatively comparable to major species influenced fishers’ trip choices. A sim-
those byBockstael and Opaluch (1983) ilar comparison between the tuna and the swordfish
The variables whose values do not vary across trips is possible by re-estimating the mixed model
choices were interacted with the choice dummies. Co- with one of these trips as the reference category.
efficients on these variables interacted with tuna (TN)  Vessel size has an insignificant effect on the choice
and swordfish (SW) trip dummies are interpreted between taking a swordfish trip or a mixed trip. It
relative to the mixed trip (i.e., the reference choice appears that those vessels taking swordfish and mixed
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trips are of similar size, and most of them are medium trip taken. For example, for each year increase in the
to large. However, large vessels are less likely to take age of a vessel, the odds of taking a tuna trip relative
tuna trips relative to mixed trips, but most medium-size to a mixed trip increases by a factor of 1.02, and the
vessels also appeared to be taking tuna trips. The oddsodds of taking a swordfish trip relative to a mixed trip
of taking a tuna trip relative to a mixed trip decrease decreases by a factor of 0.96.

by a factor of 0.43 for a large vessel. Finally, the age = Goodness-of-fitis also measured by the relative cor-
of the vessel did have a significant effect on the type of respondence between the actual trip choice and their

0.80 - Large old vessel
0.70 4
Ps
0.60 +
2
= 0.50 -
o
S 040 \
2
o 030 4
020 - Pm
0.10 4 Pt
0.00 —r
©c o o o o »r B = B B
B w N © kP w aa N ©
o O O o o o © o o o
Quarterly swordfish stock level
0.80 - Medium size old vessel
0.70 H Ps
0.60 -
>
£ 0.50 4
%
'8 0.40 H
& 0.30 .
0.20 1 \
0.10 4
© © o o o Rk B kB B P
P w0 N © kP W o N ©
o © & o © o © o o o
Quarterly swordfish stock level
0.80 - Small old vessel

Probability

0.70 A

0.60 - Ps

0.50 -

0.40 A

0.30 A

0.20 1 \ Ps, Pt, and Pm are probabilities
0.10 - of swordfish trip, tuna trip, and
0.00 mixed trip, respectively. The

T LI e e e

°S 2 2 2 o B B BB vertical line indicates the mean
[ w 4l N w u1 ~ © . .
e 8 8 3 8 o 8 8 3 8 stock index during 1991-98.

-

Quarterly swordfish stock index

Fi

g. 1. Trip choice probabilities by vessel size for a 20-year-old vessel at different swordfish stock levels.



220 N.C. Pradhan, P. Leung/Fisheries Research 68 (2004) 209-224

Table 5
Proportion of trip choices explained using mixed model estimates
Trip choices Number of observations
Actual totaf Number of matched observations between Proportion predicted correctly
actual and explained choicé (= 0.50)
Swordfish 741 (26%) 515 69
Mixed 930 (33%) 670 70
Tuna 1184 (41%) 1028 87
Total 2855 2213 77

aValues in parentheses are trip proportions.

in-sample predicted choice. Using the estimated model fish harvest ban was imposed on the longliners. In
coefficients, probabilities of different trip choices were the simulation exercise, fishers’ probability of taking
predicted for each fisher for each trip in the sample. a swordfish trip dropped sharply due to a drop in the
They were then compared with the actual trip choice of swordfish stock level. Many longline vessels engaged
the fisher for that trip. There was an overall 77% match in harvesting swordfish subsequently left Hawaii right
between the actual trip choice and the model predic- after the swordfish harvest ban, as the virtual sword-
tion for the choice (withP > 0.50), i.e., the probabil-  fish level dropped precipitously. The impact of it was
ity of selecting the actual trip choice is greater than more pronounced in large- and medium-size vessels.
one-half for 2213 of the 2855 observatioizlle 5. This is just a simple illustration of how the model es-
The model’'s in-sample explanatory power is also rea- timates can be used in predicting effort redistribution.
sonably good for each trip choice: swordfish (69%),
mixed trip (70%), and tuna trip (87%).

Finally, effort redistribution by the longline fishers 6. Concluding remarks
in terms of probabilities of different trip choices based
on a change in an underlying factor were simulated In this paper, fishers’ trip choice behavior in
by using the model coefficients. The simulation was Hawaii's longline fishery is studied by specifying
carried out under different stock conditions (swordfish a utility theoretic mixed model (a combination of
and bigeye tuna), vessel sizes, and vessel ages, holdthe conditional and multinomial logit (unordered)
ing the values of other variables constant. Only the re- models). The model accounts for both choice- and
sult from swordfish stock simulation for a 20-year-old individual-specific attributes. The empirical results
vessel is discussed here for an illustration. For an old from this model suggest some important aspects
vessel, a gradual increase in the swordfish stock in- of fishers’ trip choice behavior. Fishers exhibited
dex consistently increases the probability of taking a utility-maximizing behavior by choosing the trip type
swordfish trip, but decreases the probability of taking with a higher expected relative revenue, and they
atunatrip for all sizes of vesselBig. 1). However, the showed risk-averse attitude by choosing a trip alter-
probability of taking mixed trips rises for an increase native with less varying expected relative revenue,
in the swordfish stock index from a lower level up to a ceteris paribus. In other words, they exhibited posi-
certain level, but declines as the swordfish abundancetive marginal utility in expected relative revenues and
keeps rising. Medium- and small-size vessels bear in- negative marginal utility in the variability of the rela-
creasing pressure for choosing tuna trips relative to the tive revenue. Their risk-averse behavior is in contrast
large vessels whenever there is a substantial declineto the widely held belief that fishers should be risk
in the swordfish stock level in the fishery. lovers because of the risk and uncertainties involved

Some of the simulation results may be useful in un- in marine fisheries Bockstael and Opaluch, 1983;
derstanding fishers’ behavior after the recent sword- Dupont, 1993; Eggert and Tveteras, 2R01
fish harvest ban. For example, the available swordfish  Longline fishers also revealed substantial “inertia”
stock level virtually dropped to zero after the sword- in switching trips, as switching trips to the next best
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alternative requires return to exceed a “threshold”
or “reserve” value. They showed a strong bias to-
ward choosing the same trip choice over time, as
was found in similar earlier studies. It is because
fishers would require a significant variability in ex-

pected relative revenue before making the effort to
switch to an alternative trip. Fishers’ high propen-
sity to remain in the same fishery or take the same
trip choice in the future and to resist frequent trip

switching could also be due to their experiences in a
particular trip/target or due to traditional beliefs and
habits.

The stock levels of major species had a significant
effect on fishers’ trip choices. For example, fishers
were more likely to choose a swordfish trip relative
to a mixed or tuna trip whenever the swordfish stock
level increased, ceteris parib@&milarly, fishers were
inclined to choose a tuna trip relative to a mixed trip

when there was an increase in bigeye tuna and yel-

lowfin tuna stock levels.
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aimed at ultimate resource appropriators, as suggested
by Bockstael and Opaluch (1983)

The model can be used in predicting the distribu-
tion of effort as was done in the simulation exercises.
It can also help fishery managers and policy makers
to understand the different impacts that a variable un-
der consideration may have on different sectors of the
fleet. Suitable policies may then be devised to accom-
modate changes in the distribution of effort, primarily
for equity and political reasons also suggested by
Holland and Sutinen (1999)

The model could be a useful additional assessment
tool to evaluate fishers’ behavioral responses to the re-
cent swordfish harvest ban for Hawaii’s longline fish-
ery. Other forms of choice behavior may have evolved
after the ban which we have not been able to account
for due to the unavailability of data at the time of
this study, but it may be an interesting future research
that can enhance the knowledge about the dynamics
of fishers’ choice behavior. Other forms of choice

Vessel-specific attributes like vessel age and size behavior, for example, could be taking tuna trips in

had also a significant effect on trip choices. The fish-
ers with older and smaller vessels were more inclined
to choose tuna trips rather than mixed trips. The pre-

Hawaii in certain time of a year, but taking swordfish
or mixed trips at other times with a different port of
landing elsewhere. Further, it will be interesting to

dictive performance of the model was also reasonably observe an eco-system-based trip choice behavior in
good as there was a high degree of match between thefuture after the recent lift of swordfish ban in Septem-

actual choice and the model’s prediction of choice at
a probability greater than 0.5. Finally, the probabili-
ties of choosing different trip choices were simulated
using the parameter estimate&duch simulation was
carried out under different stock conditions and fleet
structures.

The choice model used in this paper, which also

accounts for heterogeneity between fishers, can be

useful in fishery management and policy evaluation

purposes. The models may be used to explain the

redistribution of fishing effort under different situa-
tions. The results revealed that relative revenue did
matter in fishers’ trip choices. Therefore, any fishery
policies that affect the relative return or the variability
of return will have a direct implication on the redis-
tribution of fishing effort among different fisheries
(Bockstael and Opaluch, 19838y using simulation
results on trip choices and by identifying the sources
of ‘inertia’, it may be possible to reallocate fishing
effort from over-utilized resources to under-utilized

ber 2003 where the court ruling allows longline fish-
ers to harvest swordfish, but also constrain them as
any encounters of endangered sea turtle can lead to
a legal prosecution. A periodic updating of this and
similar models using regularly collected data can be
useful for fishery policy and management purposes.
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Appendix A. Estimation of expected revenue and suming that the costs associated with vessel opera-

risk variables tion are highly correlated with the vessel capacity and
trip-days, and revenues are correlated with profits. A

It is presumed that fishers take account of expected linear quadratic form is specified for the fixed effect

revenue and revenue risk when they make fishery mean revenue functiog(x) as

choices. In fisheries the primary source of revenue

risk at trip level is production risk rather price risk. E(Yj) = REVj; = a1 HOOKS; + a2 HOOKSQ;

Production risk is modeled by applying the framework _

outlined byJust and Pope (1978gy = g(X) +u = + D Dt ), aVitui

g(X) + +/h(X)e, wherey is output,x is a vector of

k inputs, g(-) is the mean function (non-stochastic whereE(Y;,) is the revenue in US$ by thiéh vessel
part), h(:) is the variance function (stochastic or risk in the tth trip, HOOKS; is number of hooks used by
part), ande is the exogenous production shock. This ihaith vessel irtth trip, HOOKSQ, is hooks squared,
production function is flexible enough to accom- D, is the dummy variable for the month, V; is the
modate both increasing and decreasing output risk dummy variable for each vessel, amgl= error term.

in inputs_ and does no_t impose a priori restrictions e of the months is dropped to avoid the dummy
on the risk effects of inputsEggert and Tveteras, \griaple trap. Ordinary least square (OLS) procedure
2009 N was employed in estimating the Just—Pope production
~ In expected utility models, producers choose the gnction (mean revenue function) using the data from
input vectorx that maximizes their expected utility  jqividual fishing trips of all 158 longline vessels dur-

based on the observed (or expected) output and inputjng 19911998 by trip type. The fitted mean revenue
prices p, w) and a priori knowledge of the structure of  gnction generated the trip-level expected revenues.
the risk in a production technology. Thus, the expected The parameters of the variance functtgy) were esti-

utility can be written as EU= g(E(n), Var(r)), where  ateq in the second stage to generate the risk variable.
Er(-) and Varz(-) are mean profit and the variance of The variance function Van) = h(-)used is a special

profit, respectively. The functiog() represents the 55 ofHarvey (1976)ariance function specification
fisher’'s subjective trade-off between mean profit (out- Var(u) = h(z) = exp(z8), wherez's are inputs in level

put) and variance of profit (output). Utility increases o yransformation of input levels, e.g., logarithms of

with profit, i.e., dU/dEn() > O but utility decreases, (s and second-order terghe variance function
does not change, or increases depending on whether, ;5 specified as

the producer is risk-averse, risk-neutral or risk-lover,

respectively. Under the Just-Pope production tech-

nology, the expected utility maximization problem vy, = exp| 8 HOOKS; + 8§ HOOKSQ,

max, EU(z(X)) is equivalent to the mean-standard

deviation maximization problem ma¥(u, o), where

u = Enr = pf(x) — w'x, ando = ph(x)o.. There is

a positive linear relationship between the moments + Z Sm Dm + Z 8iVi

of output §) and the moments of profitz] under

Just—Pope production risk, with the mean and variance
it i _ — WX — _w -

of gr\(;flt gi/en2 b)(/En _I Pg(x) fW.Xk ffE{ f.WhX’ 2 The first element of, 7, is taken as unity. This implies that

an am = p _X _gr y_' ncaseo ”S_ aftinity, ns ers_ Var(e) = exp(8o). The estimating equation to obtain the parameters

regard the variability in actual landings as something of the variance function is: @?) = z5, whereii = ¥ — xé, and

good Eggert and Tveteras, 2001 & are the estimated parameters from the first stage.

M=2,12 i=1,158

M=2,12 i=1,158
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Thus, the log of the squared difference between Dollar, R.A., 1992. Annual report of the 1991 Western Pacific
predicted values and actual values from the mean longline fishery. Honolulu Laboratory, NMFS, Honolulu, HI.
revenue function was then regressed on the SameDupont, DP 1_993. Pr!ce uncertainty, expectations formation and
t of variables used in the mean revenue function fishers’ location choices. Mar. Resour. Econ. 8 (3), 219-247.
set o o : ' Eales, J., Wilen, J.E., 1986. An examination of fishing location
and the coefficients were used to generate predICted choice in the pink shrimp fishery. Mar. Resour. Econ. 2 (4),
variances, i.e., the risk variable. The expected (pre- 331-351.
dicted) revenue and its standard deviation from the Eggert, H., Tveteras, R., 2001. Stochastic production and

Just—Pope production function, i.E(Yj;) = x& and

SD. = ,/exp(sz), respectively, were normalized by

heterogenous risk preferences: commercial fishers’ gear choices.
Working Paper No. 54, Economics Department, Goteborg
University, Sweden.

the composite effort (i.e. a product of the trip length F7: T-R.L.. Brooks, R.D., Comley, B.R., Zhang, J. 1993.

and net tonne) of the corresponding vessel and trip,

Economic motivations for limited dependent and qualitative
variable models. Econ. Rec. 69, 193-205.

thus generating the two variables, expected revenuegordon, H.S., 1954. The economic theory of a common property

per net tonne day (EREVNTD and its standard de-
viation (ESDREVNTL), respectively. The trip-level

observations for these variables were later aggre-
gated and averaged quarterly for each fisher and by

trip type for the quarter of a year. For different trip
types, the adjusteB? of the mean revenue functions
ranged from 0.45 to 0.53, but from 0.85 to 0.90 in
the revenue risk functions. The estimated functions
produced significant and correct a priori sign for the
variables HOOKS and HOOKSQ. The parameter esti-

resource: the fishery. J. Polit. Econ. 62, 124-142.

Greene, W., 2000. Econometric Analysis, 4th ed. Prentice-Hall,

New Jersey.

Hanemann, W.M., 1984. Discrete/continuous models of consumer
demand. Econometrica 52, 541-561.

Harvey, A., 1976. Estimating regression models with multiplicative
heteroscedasticity. Econometrica 44, 1029-1054.

HDAR (Hawaii Division of Aquatic Resources), 1990-1998. Catch
and Revenue Dataset, Honolulu, Hawaii, Unpublished.

Hoffman, S.D., Duncan, G.J., 1988. Multinomial and conditional
logit discrete-choice models in geography. Demography 25 (3),
415-427.

mates from the Just—Pope production function (mean Holland, D.S., Sutinen, J.G., 1999. An empirical model of fleet

revenue function) and revenue risk functions can be

made available upon request to the authors.
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