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TOWARDS A SPATIALLY EXPLICIT AND DYNAMIC BIOECONOMIC  
MODEL OF THE FLORIDA SPINY LOBSTER FISHERY 

 
I. INTRODUCTION 
 
Understanding the mechanisms by which resources and harvester effort are allocated across the 
ocean is vital to effectively managing a renewable marine resource.  While biologists have 
promoted the use of spatially explicit models, aware that marine resources should not be treated 
as uniformly populated, these same models do not allow for similar heterogeneity in harvester 
effort.  The majority of these models do not take economic incentives into account and make 
simplifying assumptions that reduce harvesters to non-strategic players with uniform behavior.  
Likewise, while economists generally have a handle on modeling strategic behavior, many 
renewable resource models do not address spatial variation.  What are needed are models that 
incorporate both space and strategic behavior over time in order to more accurately predict the 
effect of regulatory policies on harvester effort and resource population.   
 
In their paper “Economic impacts of marine reserves: the importance of spatial behavior,” Smith 
and Wilen (2003) develop, estimate and calibrate a bioeconomic model of the Northern 
California red sea urchin fishery that incorporates harvester spatial behavior.  The authors use 
this integrated model to estimate the biological and economic impacts of creating marine 
reserves, of which prior research has been generally supportive.  They discover that once the 
model enables harvesters to react to economic incentives, the creation of marine reserves is less 
biologically favorable.  Their findings illustrate the importance of incorporating harvester 
behavior to obtain accurate policy predictions.   
 
This paper aims to build on Smith and Wilen’s work by beginning to develop and estimate a 
similar bioeconomic model of the Florida Spiny Lobster fishery.  While other papers have found 
similar results, further highlighting the importance of endogenizing harvester behavior, the 
literature on spatially explicit bioeconomic modeling is rather meager.1  More studies of this 
nature are needed. 
 
Furthermore, the characteristics of the Florida spiny lobster fishery provide the opportunity to 
introduce dynamics into a bioeconomic model.  Smith and Wilen use a static framework to 
model harvester choice.  While this structure is appropriate for the urchin fishery they study, the 
majority of spiny lobster fishermen employ traps to harvest lobster and so are much more 
forward thinking than the average urchin fishermen.  As such, a dynamic model would be more 
appropriate.  While the analyses presented below are based on a static model, I intend to add 
dynamics in future iterations of this paper. 
 
Finally, this paper will benefit the spiny lobster fishery specifically as the model developed will 
be calibrated to simulate policies germane to the lobster industry.  As will be discussed in more 
detail below, the industry is currently being reevaluated and restructured to promote better 
economic efficiency and a spatially explicit bioeconomic model will be key to achieving this. 
 

                                                
1 For other examples see Smith 2005. 
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The next section provides a historical overview of the spiny lobster fishery and the current 
economic and political situation.  Section III introduces a model of individual choice describing 
the way in which fishermen make daily discrete decisions and section IV expands on this.  This 
model is then integrated with a detailed biological model in section V.  Description of the data 
used in my analysis is given in section VI.  Section VII presents my empirical results and section 
VIII discusses a pilot study in which fishing effort was collected at a very fine spatial resolution.  
Section IX concludes. 
 
II. DESCRIPTION OF THE FLORIDA SPINY LOBSTER FISHERY 
 
Commonly referred to as the Florida spiny lobster, panulirus argus is a warm-water clawless 
lobster found in the western Atlantic waters from North Carolina to Brazil.2  In the United States, 
spiny lobster are primarily harvested in Florida’s southernmost counties, Monroe and Dade, both 
in Atlantic waters and the Gulf of Mexico.  This industry constitutes one of Florida’s most 
important commercial fisheries with an average annual value in excess of 30 million U.S. 
dollars. 
 
The fishery consists of a recreational sector and a commercial sector of trappers, divers, and 
bully netters.3  Commercial fishermen collect and sell live whole lobsters to fish houses, which 
are usually located at their homeport.  Fish houses remove the lobster tails and sell only this 
portion to restaurants and distributors.  The tail usually constitutes slightly more than a third of 
the total weight of a lobster.  As such, there is quite a discrepancy between the price paid to 
commercial fishermen for whole lobster and the price at which fish houses sell tails.  Over the 
sample period, the average per pound price paid to fishermen was $4.50 in 2004 dollars and total 
commercial landings in the state of Florida averaged approximately 6 million pounds per year.  
Recreational fishermen generally contribute another 1.5 million pounds each year. 
 
There are general restrictions that apply to the entire industry as well as sector-specific 
regulations.  The carapace length of the lobster must be a minimum of three inches in length, a 
size reached at approximately two years of age.  Harvesting females carrying eggs is prohibited 
regardless of size.  Spawning occurs between March and August giving rise to a season closure 
from April 1 to August 5.   However, to boost tourism, the recreational sector enjoys an 
additional two-day sport season that falls on the last consecutive Wednesday and Thursday in 
July.  While commercial fishermen must wait until August 5 to harvest lobster, trappers may 
drop traps as early as August 1 to allow them to accumulate lobster before the start of the season. 
 
In Monroe County, recreational fishermen must possess a valid saltwater products license and a 
crawfish stamp and are subject to a six lobster per person per day bag limit, or 24 lobster per 
boat, whichever is greater.  Until recently, commercial divers needed only to hold a saltwater 
products license and to abide by a per day boat limit that was set high enough that the restriction 
was rarely binding. 

                                                
2 Background information on this fishery is taken from Shivlani, et al., SEDAR 08 U.S. Stock Assessment Panel and 
the Florida Fish and Wildlife Conservation Commission: Division of Marine Fisheries Management. 
3 Bully netters harvest lobster with hand nets.  This requires fishing in very shallow waters so that lobster are visible 
from the boat.  Although this technique used to be popular, bully netters currently contribute less than one percent of 
annual commercial lobster landings. 
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Since the 1950s, the commercial trap fishery has been responsible for the bulk of annual landings 
and the number of traps in the fishery began has steadily increased.  In the early 1960s, the 
number of traps was estimated to be less than 100,000, which rose to approximately 250,000 by 
the mid-1970s and may have been as high as 900,000 by 1990.  However, the increase in 
trapper’s fishing effort out-paced the growth in annual landings and so catch per unit effort 
(CPUE) steadily decreased from 1970 to 1990. 
 
At this time, the fishery came under heavy scrutiny by the Florida Fish and Wildlife 
Conservation Commission (FWC).  Because the commercial trap sector dominated the industry 
and because problems other than decreased CPUE were associated with the increase in the 
number of traps fished, such as increased by-catch mortality rate, FWC focused its restructuring 
of the fishery on this sector only.  The FWC’s solution was a transferable trap certificate 
program (TCP), which was implemented at the start of the 1993/94 fishing season.  The goal of 
the program was to reduce the number of traps to 400,000, although research suggested that this 
would still be twice the level that would achieve economic efficiency. 
 
Trappers were issued certificates based on the number of pounds landed the previous two out of 
three seasons.  The program stipulated a blanket 10% reduction in the number of traps four 
different times between 1993 and 1999 bringing the number of traps down to approximately 
550,000.  In 2000, the guidelines were relaxed to passive reductions.4  With the exception of the 
1999 season, total commercial landings fell from approximately seven million pounds in 1994 to 
three million pounds in 2001.  During the same period, trappers’ percentage of commercial 
landings steadily fell from 95% to 85%.  So that trappers were not further injured from a 
potentially flawed program, the TCP reductions were suspended in 2004.   
 
The FWC and both the recreational and commercial sectors are currently in mediation with the 
intent to better regulate the industry and promote biological and economic efficiency.   The TCP 
is under review as well as methods to regulate the fishery as a whole, such as marine reserves, 
and each sector of the fishery individually. 
 
Because commercial trappers have been responsible for between 72% and 95% of total lobster 
landings during the past fifty years, I will focus my analysis on this sector only.  Prior to the 
TCP, the commercial trap sector was comprised of both part time and full time fishermen.  
Vessels ranged in size from 20ft to 60ft.  Most had power operated pullers with which to pull 
traps, although some fishermen still pulled traps by hand.  Since the TCP was implemented, 
many of the peripheral fishermen have sold their certificates leaving the sector with a much more 
homogenous group of fishermen.  In the 2001-02 season, the average fisherman set 1,463 traps, 
fished from a 21 year old, 36 foot boat with 433 horsepower inboard engine, automated puller 
and a crew of two.  Many lobster fishermen also partake in the stone crab and kingfish fisheries 
in order to pay for their capital and port fees. 
 

                                                
4 Under passive reductions, reductions are first applied to certificates purchased by someone outside the seller’s 
immediate family.  If these types of reductions do not constitute an annual four percent reduction in total certificates, 
the remainder is reduced equally across all certificate owners in the fishery. 
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III. A STATIC MODEL OF INDIVIDUAL CHOICE 
 
In my initial analysis of harvester spatial behavior, I follow Smith and Wilen by employing a 
static random utility framework that posits that individual fishermen make daily discrete 
decisions regarding participation and fishing location that maximize a random utility function 
 
                                    

! 

Uijt = vijt + "ijt = f Xit ,Zi1t ,Zi2t ,...,ZiMt;#( ) + "ijt                                            (1) 
 
where i subscripts the fisherman, t the time period, and j the location.  Thus,

! 

X
it
 consists of 

fisherman- and time-specific characteristics that are constant across locations, such as vessel 
size, while location-specific characteristics, such as distance from port, are included in

! 

Zijt .  
Notice, location-specific characteristics may also be fisherman- and time-specific.  

! 

"  is a vector 
of parameters, and 

! 

"ijt  is a random unobservable utility component.  According to this model, 
fisherman i in period t will choose location j if the utility he gains from choosing j is greater than 
the utility he would receive from choosing any other location or from not fishing at all. 
 
For econometric analysis, a Repeated Nested Logit (RNL) framework is often used to model this 
choice structure.  This framework presumes that fishermen first decide whether or not to 
participate and then, given participation, decide in which area to fish so that decisions are 
‘nested.’  The Repeated Nested Logit framework is often adopted because it is computationally 
less burdensome than many other formulations (Smith and Wilen, 2003 and Smith, 2002). 
 
For simplification and computational ease, it is assumed that the error term, 

! 

"ijt , is independently 
and identically distributed generalized extreme value and that utility is linear in fisherman- and 
location-specific variables.  Under these assumptions the random utility model can be formulated 
as follows5 
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5 Equations (2) – (4) are taken from Smith and Wilen (2003). 



 

STAFFORD 5 

! 

"  corresponds to the parameter vector for location-independent characteristics while

! 

"  denotes 
the parameter vector for characteristics that vary across location.  

! 

(1"# )  is the coefficient on the 
nested logit inclusive value.  Maximum likelihood estimation is used to derive the vectors 

! 

ˆ "  and 

! 

ˆ " , the logit estimates of 

! 

"  and 

! 

" .  
 
Once we obtain consistent estimates of 

! 

"  and 

! 

" , equations (2) – (4) can be used to calculate the 
probabilities of visiting each location as well as the probability of not participating on each day 
of the sample given a vector of values for all of the explanatory variables.  In this way, the effect 
of regulatory policies on total effort and the distribution of effort can be simulated by 
manipulating the values of the explanatory variables or changing the location choice set.  
 
For example, suppose fishery regulators desire to reduce fishing effort so as to increase the stock 
of lobsters.  One alternative is to tax landings, thereby reducing the returns to fishing and 
possibly reducing labor supply.  To determine the effect of taxes on participation, the daily price 
per pound is lowered in the data set to the desired level and probability estimates are 
recalculated.  As discussed above, the coefficient 

! 

ˆ " 
price

 describes the relationship between the 
daily price per pound and the probability of participating.  If this coefficient is not statistically 
different from zero, the simulated effect of the proposed tax policy would be nil.  That is, since 
fishermen are not influenced by the daily price per pound, they will not respond to landings taxes 
and we will not see changes in participation.  On the other hand, if 

! 

ˆ " 
price

 is found to be positive 
and statistically significant, the magnitude of this coefficient will determine the extent to which 
the probability to participate decreases and thereby describe the extent to which landings taxes 
decrease fishing effort. 
 
Similarly, fishery regulators may be considering implementing marine protected areas (MPA) as 
a potential means to increase the stock of lobsters.  In this scenario, one or more of the locations 
in the fishermen’s choice set will be re-designated as an MPA.  To simulate the impact of this 
policy on both total fishing effort and the distribution of effort across areas, the probabilities 
given in equations (2) – (4) are re-calculated when the MPAs are removed from the fishermen’s 
choice set.  If the probability of participating is not affected, that is total effort is unchanged, then 
the probability of visiting some of the areas in the choice set must increase, and not necessarily 
proportionally.  While these new probabilities do not fully describe the effect of implementing 
MPAs on the stock of lobster, they are a key element missing from many of the biological 
models used to simulate these policies.  Without understating the manner in which effort 
relocates in response to a change in the choice set, strictly biological models are ill equipped to 
estimate the impact of MPAs on the stock of lobster.  
 
IV. INCORPORATING STATE DEPENDENCE AND DYNAMICS 
While the analysis described within this draft is based on a simple, static model of choice, it is 
my intent to expand the model to include a hybrid of state dependence and forward-thinking 
behavior.  For most fisheries, it is reasonable to assume that fishermen make decisions based, in 
part, on past experiences.  Therefore, given the same set of current variables, such as weather 
conditions and price per pound, it is possible that two fishermen will make different decisions.  
This may be due to the fact that these otherwise identical fishermen have had different 
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experiences in the past that lead them to have different expectations and to make different 
decisions.  The random utility model described in Section III does not include the influence of 
past experiences so to the extent that the past influences the present decision, the parameter 
estimates will be biased. 
 
Smith 2005 develops a model that incorporates state dependence, or the effect of the past on the 
present, into a random utility framework.  Additional state dependence variables are added to 
equation (1) so that we have 
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The evolution of state dependence is described by 
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where 

! 

y
ijt

 is a binary variable taking the value of 1 if location j was visited in period t by 
individual i and taking the value of 0 otherwise. 

! 

"  is a parameter varying between 0 and 1, 
which is to be estimated.  According to this specification, state dependence of location j is a 
geometrically decaying summary of all past decisions made regarding location j (the first term on 
the right hand side of equation (6)) and a function of last period’s decision (the second term on 
the right hand side of equation (6)).  Thus, the value of 

! 

"  determines the extent to which the 
recent past matters. 
 
Due to construction, the state dependence variables, 

! 

SD
ijt

, also vary between 0 and 1.  If an 
individual visits a particular location with great frequency, 

! 

SD
ijt

 will approach 1 for that location, 
while 

! 

SD
ijt

 for all other locations will tend towards 0.  If 

! 

"  is small, taking a trip to a less 
frequented area will result in a high 

! 

SD
ijt

 the following period for that area, but as this area 
becomes unvisited again, 

! 

SD
ijt

 will quickly fall. 
 
By including state dependence variables in this manner, Smith is able to capture the effect that 
past experiences have on present decisions.  Under several different model specifications, he 
finds the coefficient on state dependence, 

! 

ˆ " 
SD

, to be positive and significant indicating that, at 
least for the fishery under study, state dependence matters. 
 
As with past experiences, the random utility model described in (1) does not allow for forward 
thinking behavior.  Perhaps for many fisheries or types of fishers restricting behavior by using a 
static framework is a harmless simplification.  A commercial lobster diver, for instance, is 
arguably not concerned about future decisions when deciding in which area to fish today since 
his current decision does not impact his future choices.  However, for commercial lobster 
trappers, deciding whether and where to relocate traps has a very direct impact on future payoffs 
and future choices, making their choice structure very dynamic by nature.  Therefore, using a 
more dynamic, forward thinking model is preferable when modeling trappers’ behavior. 
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Hicks and Schnier (2006), develop a dynamic random utility model by nesting the current 
period’s decision in the series of repeated decisions that will be made throughout the period of 
interest.  In this way, state variables, which were previously assumed to be exogenous, are 
endogenized.  Hicks and Schnier motivate the need for a dynamic model by describing a fishery 
in which a fisherman’s decision of where to fish next period is, in part, a function of the current 
location of the vessel.  This scenario is most applicable to fisheries that are characterized by 
multi-day trips, like the commercial shrimp fishery.  Hicks and Schnier suppose that fishermen 
decide on a multi-period cruise trajectory prior to leaving port.  Since the current location of the 
vessel determines the costs associated with visiting all other locations in the next period, based 
on the distance between sites, the current location is not just chosen to maximize current payoffs, 
but to maximize future payoffs as well via optimally positioning themselves to visit particular 
areas over the remainder of the cruise period.  If this scenario accurately describes a fishery, then 
employing a static model, which assumes individuals are only maximizing current utility, will 
generate biased estimates of the parameters of interest. 
 
While multi-day trips do not generally characterize the behavior of commercial lobster trappers, 
endogenizing the state space has a clear application.  When trappers decide in which area to fish 
on a given day, their choice set is necessarily restricted to areas in which they have previously 
dropped traps.  Therefore, the location of one’s traps is an endogenous state variable in that it 
was chosen in a previous period.  This is analogous to Hicks and Schnier’s scenario in which the 
location of one’s vessel is the endogenous state variable. 
 
The extensions developed by Smith (2005) and Hicks and Schnier (2006) provide a richer 
framework with which to model the complexity of trappers’ dynamic behavior.  While the static 
random utility model is a logical starting point, a state-dependent dynamic model is better suited 
to generate consistent parameter estimates that can then be used to simulate the effect of 
regulatory policies. 
 
V. INTEGRATING HARVESTER SPATIAL BEHAVIOR WITH A BIOLOGICAL MODEL 
 
While it is beyond the scope of this draft to integrate the results from the spatially explicit fishing 
effort model described in Section III into a biological model in order to recalibrate stock 
assessments, the following section describes the manner in which this can be accomplished. 
 
SEDAR 8’s 2005 stock assessment of the Florida spiny lobster uses an Integrated Catch-at-Age 
model to predict catch rates.  While this model is fairly detailed, it assumes that mortality due to 
fishing is a function of lobster age and the fishing season only.  This is given by 
                                                              

! 

Fa,y = SelaF _ fully                                                          (7a) 

where 

! 

Sel
a
 is the selectivity of a lobster of age a, or ease with which a lobster of age a can be 

caught, and 

! 

F _ fully  is the mortality rate from fishing on a fully recruited lobster in a given 
fishing year.  A lobster is predicted to be of fully recruited legal size by age three.  The 
selectivity of a lobster as a function of age tends to be dome shaped since younger lobster do not 
meet the size limit and so are not harvested and older lobster tend to be too big to fit inside the 
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traps and are less sociable.6  Both 

! 

Sel
a  and 

! 

F _ fully  are parameters estimated by the model.  In 
no way is equation (7a) able to predict the effect of effort response to changes in regulation on 
fishing mortality. 
 
The remaining equations in SEDAR’s Integrate Catch-at-Age Model are given below.  Size of 
population by age and fishing year (solved backwards) is given by 
                                           

! 

Na"1,y"1 = Na,y exp Fa"1,y"1 + Ma"1,y"1( )                                                    (8) 
where M is the natural rate of mortality assumed to a constant of .34 across all ages and years.  
Average population during the fishing year is given by 

                                     

! 

N a,y =
Na,y

Fa,y + Ma,y( )
1" exp "Fa,y " Ma,y( )( )                                                (9) 

Predicted catch-at-age is 
                                                            

! 

ˆ C a,y = Fa,yN a,y                                                                   (10) 
And predicted index values used to tune the model are 
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ˆ I a,y, j = q j Na,y

a

" exp Fraction j #Fa,y # Ma,y( )( )                                         (11) 

where 

! 

q j  is the catchability coefficient and 

! 

Fraction j  accounts for when the survey is conducted 
during the fishing year.  The objective function minimizes the sum of squared errors and is given 
by 
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Minimization of equation (10) results in 47 parameter estimates.   
 
In contrast to the mortality equation given in (7a), the following, taken from Smith and Wilen 
(2003), incorporates fishing effort 
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f jt = Trips jt( )q = ot Tp ppjt
p=1

M
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' 
( ( Sel                                              (7b) 

where j is location, t is the time period, and little p is the port. 

! 

Sel  is the catchability coefficient, 
which represents the average harvest per trip.  T is the number of commercial trappers in port p 
and ppjt is the probability that a trapper from port p will go to location j in time t.  o is the number 
of possible days at sea during the time period t.  Estimates of ppjt are obtained from equations (2) 
– (4) described above. 
 
Replacing equation (7a) with (7b) essentially modifies SEDAR 08’s model so that the resulting 
parameter estimates, such as population by age and year, will be based on the estimates obtained 
from the fishing effort model developed in this study.  Unfortunately, to be able to simulate the 
impact of the creation of MPAs on the stock of lobsters, it will be necessary to develop a 
spatially explicit biological model.  SEDAR 08’s model is only capable of addressing stock 

                                                
6 However, since “shorts”, or sub-legal sized lobster, are often used to bait traps, which can lead to their demise for 
several reasons, their mortality rate due to fishing is likely nonzero, which would tend to flatten out the dome shape. 
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impacts when the policy of interest affects total fishing effort or age-specific effort, rather than 
the distribution of effort, since the equations in SEDAR 08’s model do not vary across space.7  
 
VI. DATA DESCRIPTION 
 
The FWC has a wealth of data regarding the Florida Spiny Lobster Fishery.  Since 1978, fish 
houses have been required to fill out ‘trip tickets’ for each sale made.  These tickets record the 
fisherman’s license number, the date, landings in pounds, price per pound paid, the location of 
the fishing trip, the soak time of the traps pulled and the number of traps pulled.8  Because the 
license number is unique, fishing behavior may be tracked over time.   
 
The data to which I have access spans from the 1992/93 fishing season to the 2003/04 season. 
Keeping only observations on trappers, this amounts to 322,060 unique trips by commercial 
trappers spanning twelve years.  The FWC divides the waters adjacent to the Florida coastline 
into 16 zones.  See figure 1 in the appendix for a detailed diagram of the zoning.  Each trip ticket 
identifies the location fished by indicating one of these zones.  As stated earlier, much of 
Florida’s spiny lobster harvesting takes place in the two southernmost counties, areas 1, 2, 3, 
744, and 748.  Table 1 depicts this relationship, showing trip and landing totals for commercial 
trappers over the entire twelve-year sample for each zone fished.  Although some trip tickets 
indicate more detailed location information, most do not.9  Thus, these zones constitute the 
spatial resolution of harvester effort. 
 
Until recently, I had not been granted access to homeport location due to confidentiality issues.  
This omission severely restricts estimation of location choice since excluding a distance measure 
is equivalent to the assumption that zones are equidistant for each fisherman.  Fortunately, a 
recently completed Memorandum of Understanding between the University of Texas and the 
FWC has granted me access to this vital information and I expect to receive the data 
imminently.10 
 
In the meantime, this issue is skirted by focusing the analysis on zones 1 and 2 only.  Zone 2 is 
the only zone in Florida that is not adjacent to the coast.  To get there, one must travel through 
zone 1.  The omission of homeport location can, therefore, be remedied by reducing the sample 
to include individuals that fish in zones 1 and 2 only and assuming a constant distance to each 
zone that is common across all individuals in the sample.  The assumption is that all fishermen in 
this narrower sample face a choice set of zones 1 and 2 only and that each fisherman originates 
from the same homeport.  While this is not ideal, the sample size remains relatively large (95,066 
unique trips) and a first attempt at estimating the model can be made. 
 

                                                
7  However, the effect of size limit changes could be analyzed. 
8 Soak time refers to the time period between pulls.  It is likely to be very influential when adding dynamics. 
9 Some reference a quadrant indicating whether the trip was in the northwest, northeast, southwest, or southeast of a 
square latitude-longitude degree.  Others reference a decimal attached the zone number indicating federal or state 
waters and other information.  See the map in the appendix for more information. 
10 In addition to this data, I expect to receive an expanded sample of trip tickets, ranging from 1990 through the 
current season.  I will also be receiving trip tickets for other fisheries, including stone crab, reef fish, and shrimp, so 
that analyses of and comparisons of other fisheries may be possible. 
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In addition to the information provided in the trip ticket data, a variety of other resources are 
used to collect information on variables that presumably influence fishermen’s participation and 
location decisions.  Daily weather conditions are likely to be one of these key factors.  This 
information is extracted from the National Oceanic and Atmospheric Administration’s (NOAA) 
historical weather buoy database from ten different buoys spanning the geography and timeline 
of the sample.11  A red diamond on the map in the appendix indicates the location of each of 
these buoys.  Since weather data for some of the buoys in the fishing zones without a red triangle 
did not date back more than a few years, the next closest buoy is used as a proxy for the weather 
conditions in that zone.   
 

Table 1: Commercial Trappers’ Trip and Landing Totals by Zone from 1992 to 2004 

       Zone Number of Trips Total Landings 

1 80,965 16,716,476 
2 14,101 9,167,293 
3 7,770 2,331,419 
4 115 227,158 
5 18 5,869 
6 52 30,859 
7 9 4,703 
8 8 5,487 
9 17 532 

722 121 25,361 
728 81 9,848 
732 344 26,853 
736 197 23,320 
741 5,958 624,078 
744 58,989 7,472,331 
748 125,397 19,220,099 

 
 
Daily weather conditions that are most valuable to the fishermen are wind speed and wind 
direction.12  Clearly, wind speed indicates how unpleasant or even dangerous a trip might be.  
The influence of wind direction is a little more obscure.  For fisherman operating on the 
mainland of Florida, wind direction will influence participation.  For example, if the prevailing 
winds are coming from the east, the eastern coast is likely to be rougher than the western coast.  
Thus, fishermen on the east coast will be less likely to participate than those on the west cost.  
For fishermen in the Florida Keys, however, wind speed is more of a determinant of location 

                                                
11 Archives of daily weather conditions can be found on NOAA’s National Buoy Data Center website: 
http://www.ndbc.noaa.gov.   
12 Wind speed is measured in meters per second and wind direction gives the direction that the wind is coming from 
measured in degrees from true North. 
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rather than participation.  This is because fishermen have access to both the Gulf and the Atlantic 
and most fish in both areas.  Thus, if the wind is coming from the North, the Atlantic will appear 
more favorable. 
 
NOAA’s database on historical weather conditions records conditions every hour.  To get daily 
information, both wind speed and direction are averaged from midnight until noon of the fishing 
day.13  The rationale is that fishermen wake at 6am and base daily decisions on the previous six 
hours of observed weather conditions and the forecast for the next six. 
 
In addition to daily weather conditions, lagged weather conditions are also an important element 
of the fisherman’s decision.  Rough weather tends to stir lobsters out of ‘hiding’ and gets them 
moving across the ocean floor and into traps.  Thus, fishermen are more likely to expect higher 
catch per trap a couple days after strong winds have passed through.   In addition, if weather is 
particularly rough, traps will move around a lot prompting fishermen to go out after storms have 
passed to find their traps and put them back in GPS-tracked lines.  For these reasons, a two-day 
lag of wind speed is included. 
 
Monthly, seasonally adjusted unemployment rates for the state of Florida taken from the Bureau 
of Labor Statistics are another influential factor determining participation.  Presumably the 
higher the unemployment rate, the more likely the fisherman is to participate.  Price per pound is 
also indicator of participation.  Using the consumer price index, all prices recorded on the trip 
tickets are converted to 2004 dollars.  A one-week rolling average of all prices recorded in zones 
1 and 2 is then used to predict daily price.  Actual prices recorded in the trip tickets are replaced 
with expected prices. 
 
Expected CPUE is calculated using the trip ticket data in a similar manner.  A one-week rolling 
average of CPUE in zone 1 is determined by taking a weighted average of all CPUE observations 
in zone 1 during the previous seven days.  Each observation is weighted by the number of traps 
pulled so that shorter trips that tend to exhibit more extremes in catch levels have less of an 
influence on expectations.  Unfortunately, there are too few observations on CPUE in zone 2 to 
perform the same calculation.  Instead, all years in the dataset are pooled together and a weighted 
average of all CPUE observations in zone 2 is calculated for each open season day.  This 
provides enough daily consistency so that one-week rolling averages can be determined. Average 
CPUE in zone 1 is calculated for each year-month combination.  These averages are normalized 
and then used to adjust the one-week rolling averages for zone 2 to reflect yearly variation. 
 
In addition to the trip ticket database, NOAA, in conjunction with the FWC, began a trip 
interview program (TIP) in 1992.  Representatives from one of the two organizations visit ports 
periodically to conduct 30 minutes interviews of fishermen as they return from their trips to sell 
their catch.  The information recorded includes the date of the interview, the port, number of 
days out at sea, number of hours spent fishing, type of gear used, number of traps pulled, 
location of traps pulled, and landings in pounds.  In addition to this, a random sample of 
approximately 30 lobsters from the fisherman’s catch are measured and sexed.   
 
                                                
13 Care was taken when averaging wind direction so as not to incorrectly average northern directions.  For example, 
the average of 350° and 2° should yield 356°, not 176°. 
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The TIP data is used to get average lobster length and male-to-female ratio and average days out 
of port by fishing year for each area.  Presumably, all else equal, fishermen are more likely to 
visit an area with higher expected lobster carapace length.  Similarly, fishermen may also be 
more likely to visit an area with a high male-to-female ratio since it is prohibited to harvest 
females bearing eggs (although this argument is not as strong).  Finally, average days at sea will 
provide an estimate of the distance to each zone. 
 
Using the aforementioned data, 

! 

X
it
 includes state-wide, monthly unemployment rate, a zone-

constant one-week rolling average price per pound, minimum daily wind speed between zones 1 
and 2, minimum two-day lagged wind speed between zones 1 and 2, and dummy variables for 
each month of the season and for Sunday.  The month dummies should pick up the drop off in 
participation as the season progresses due to temporal variations in lobster abundance.  This 
relationship is quite clear in the summary statistics depicted in Table 214.  Also, fish houses tend 
to close on Sundays so that we might expect to see less participation on these days. 
 

! 

Zijt  includes the previous season’s average days out at sea, length of lobster carapace, male-to-
female ratio, daily wind direction, daily and two-day lagged wind speed, and a one-week rolling 
average of CPUE.  Each of these variables is zone-specific. 
 

Table 2: Number of Trips and Averaged Landings per Trip by Month 

Number of Trips Taken During 
Entire Sample 

Average Landings per Trip  
 
Month Zone 1 Zone 2 Zone 1 Zone 2 

August 11,671 1,998 365.77 625.35 

September 9,917 1,906 325.74 807.89 
October 8,362 1,689 306.83 993.77 

November 6,726 1,359 258.00 894.92 
December 5,238 1,160 179.32 708.56 

January 4,990 1,210 141.96 605.21 
February 3,693 1,130 109.56 564.05 

March 3,801 1,513 94.55 525.11 
 
VII. EMPIRICAL RESULTS 
 
To understand the tradeoffs between greater distances and higher expected yields, I reduce the 
sample to include only fishermen that fish in both zones 1 and 2 during the sample period.  These 
fishermen clearly exhibit the ability and propensity to frequent each zone and so are more likely 
to respond to changes in location-specific variables.  Fishermen that did not fish at least once in 
the 1992/93 season and the 2003/04 season are also excluded from the sample to ensure that all 

                                                
14 Trips tend to pick up in March as the season approaches closure and all traps must be brought in. 



 

STAFFORD 13 

fishermen in the sample had the ability to fish on each open season day in the sample.  This 
leaves a sample of 17 unique fishermen.  The results from this initial analysis are presented in 
Table 3. 

 
Table 3: Regression Estimates 

Variable Coefficient Standard Error Z-statistic 

Participation-Specific    

D0d -2.0101 .9821 -2.05 

Unemployment Rate 0.1613 0.0170 9.48 
Price 0.0896 0.0304                   2.95 
Wind Speed -0.0584 0.0199 -2.94 
Lagged Wind Speed -0.0104 0.0213                   -0.49 
Sunday -0.5764 .05414 -10.65 
January 0.4995 0.0812 6.15 
February 0.2573 0.0847                   3.04 
March 0 Restricted for Identification 
August 1.6274 0.0749 21.72 
September 1.2590 0.0729 17.25 
October 1.0401 0.0741 14.03 
November 0.8959 0.0786 11.40 
December 0.5505 0.0826 6.66 
    
Location-Specific    

D1 0.1970 0.1368 1.44 
D2 0 Restricted for Identification 
Days Out -0.2659 0.0529 -5.03 
Length -0.0564 0.1091 -0.52 
Wind Speed -0.0875 0.0211 -4.14 
Lagged Wind Speed 0.0299 0.0209 1.43 
Expected CPUE 0.0628 0.0200 3.14 
    
Pseudo R2 0.5308   
a, b, c  Indicate coefficients that are significant at the 1% , 5% and 10% levels respectively. 
d          D0, D1, and D2 and the constants for choices stay at home, go to zone 1, and go to  
        zone 2, respectively. 
e       180 observations were dropped (or sixty unique fishing trips) due to all positive  
       or negative outcomes. 
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Most of the estimates display the expected sign.  The month of year dummy variables clearly 
demonstrate the decrease in the likelihood to participate as the season progresses.  In addition, 
this relationship is monotonic.  Fishermen are also less likely to participate on a Sunday when 
fish houses are often closed.  As predicted, current wind speed has a negative effect on 
participation.  However, lagged wind speed has a statistically insignificant effect.  Fishermen 
respond to the unemployment rate by tending to participate more frequently when the 
unemployment rate is high.  Finally, fishermen also appear to make more trips when the price is 
high. 
 
Most of the location-specific coefficients also retain the predicted sign.  All else equal, a 
fisherman is more likely to choose an area that requires less number of days spent at sea, and has 
a higher expected CPUE.  Length, however, does not appear to influence location choice.  A 
fisherman is also more likely to choose an area with calmer current wind speeds, but rougher 
winds two days prior, although the later relationship is weak. 
 
The model fits the data well, in general, which is indicated by the high R2 of .53.  The goodness 
of fit can be seen in Table 4 which displays observed and predicted choices.  The predicted 
values were obtained by summing daily probabilities of location choice across all fishermen in 
the sample.  They are the probabilities that will determine the fishing mortality rates described in 
equation (7b). 
 

Table 4: Observed and Predicted Choices 
Choice Observed Predicted15 

Stay Home 24,043 23,992 
Zone 1 3,849 3,841 

Zone 2 818 817 
 
VIII. PILOT STUDY 
 
Unfortunately, even upon estimating a more dynamic model with a complete dataset for the 
entire state, this analysis will still be hindered by the rough spatial resolution of the zones used to 
document area fished in the trip tickets.  This is a factor that plagues all spatial models of choice 
due to the difficulty of obtaining data that has sufficiently fine enough spatial resolution.16  
While the model and its predictions will still be informative, it is unrealistic to simulate a 
hypothetical regulatory situation in which one of the zones is re-designated as an MPA.  The 
zones depicted in the appendix are far too large.   
 
To this end, I am considering applying for a Federal grant to begin collecting fishing effort data 
at a very fine spatial resolution.  Specifically, I hope to outfit a number of commercial lobster 
fishermen in the lower Florida Keys with the equipment to record daily fishing effort and 

                                                
15 As noted, earlier 180 observations were dropped during the estimation process so total predicted does not equal 
total observed. 
16 See Smith and Wilen (2003), Smith (2005), Smith, Zhang, and Coleman (2005), and and Smith, Zhang, and 
Coleman (2006). 
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landings.  This can be done using electronic logbooks in conjunction with chart plotting 
software.  The potential uses of such a data set are numerous and would provide an extremely 
unique opportunity to look at spatial choices at a very fine level. 
 
As a pilot study, my father, who is a commercial lobster fisherman as it happens, recorded 
information regarding his daily work decisions during the previous lobster season.  During the 
first few days of the season when traps are initially dropped, he recorded the exact location of 
each line using GPS chart plotting software.  In addition to this information, the drop date, 
number of traps in the line, and average depth of the trap line was entered into a spreadsheet.  
Once the pulling season opened, on each day of participation, he recorded estimated pounds 
caught in each line pulled, total pounds sold, price paid per pound, and whether or not any traps 
were moved or removed.  When new or moved traps were dropped, the drop date, location, 
number of traps, and average depth were again recorded. 
 
Figure 2 in the appendix demarcates the location of all 67 trap lines my father employed during 
the lobster season.17  The asterisk denotes the port where the vessel is kept, which is located at 
the tip of the (drivable) Florida Keys.  The waters to the south of the port are the Atlantic, while 
the north constitutes the Gulf of Mexico.  The keys continue eastward towards the mainland of 
Florida.  To give you a sense of scale, the map is approximately 50 miles long by 30 miles high.   
 
During the season, my father naturally group these lines into six main areas characterized by 
their location and depth.  These areas are depicted in figure 3.  The green oval indicates a current 
marine protected area in which all fishing is prohibited.  While the trap lines in the Atlantic are 
more spread out making grouping a little more arbitrary, the trap lines in the Gulf are clearly 
clustered indicating “patchy” habitats.  To draw comparison to the spatial resolution recorded by 
the Florida trip tickets, figure 4 shows areas 1 and 2 which are identical in size to those depicted 
in figure 1.  The six areas in which my father dropped his traps are shown as well along with the 
three MPAs in green.  The scale here is approximately 120 miles by 60 miles, where each area 
represents one degree squared.  Clearly, the size of current MPAs is nowhere near the size of one 
degree squared. 
 
While we did have a few problems (which can hopefully be resolved if a grant proposal is in the 
future) and the data is limited to one individual over one season, it is still informative.  Summary 
statistics are provided in tables 5 - 8.  These tables clearly depict spatial heterogeneity.  In the 
next couple of months, I hope to continue working with this data in order to investigate the 
benefits that such data from a number of individuals could provide. 
 

                                                
17 Note that not all trap lines were operational at the same time.  Many traps were moved during the season so that 
two demarcated trap lines may represent the same set of traps fished at different points in the season. 
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Table 5: Season Summary Statistics 

 Area 
Month 1 2 3 4 5 6 
Total # of trips 27 59 129 42 39 23 
Total # of pulls 2300 2639 7533 2608 2131 1050 
Total lbs landed 2315 3465 9097 2295 2172 948 
Average CPUE 0.94 1.35 1.07 0.93 1.12 0.89 
Average depth 97 27 32 48 82 43 
Average distance 16 6 21 26 8 18 
Average soak 18 13 21 25 20 13 

 
 

Table 6: Average CPUE by Area and Month 

 Area 
Month 1 2 3 4 5 6 
August 1.02 1.69 0.63 0.42 1.18 0.79 
September 0.50 0.71 1.31 0.66 0.98 0.84 
October 0.50 0.64 1.41 1.04 . 1.19 
November 2.38 1.12 1.48 1.37 0.54 . 
December 1.85 0.48 0.54 . 1.17 . 
January 1.55 . 0.98 1.07 0.98 . 
February 0.46 0.68 . . 0.62 . 
March . . . . .  

 
 

Table 7: Average days soaking by Area and Month 

 Area 
Month 1 2 3 4 5 6 
August 11 8 13 12 11 12 
September 15 12 10 13 17 12 
October 24 29 17 13 . 17 
November 43 43 21 19 39 . 
December 20 22 21 . 25 . 
January 29 . 52 61 29 . 
February 18 54 . . 28 . 
March . . . . . . 
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Table 8: Average # of Traps in Each Area by Month 

 Area 
Month 1 2 3 4 5 6 
August 300 412 400 345 295 230 
September 263 269 678 279 287 210 
October 200 164 1061 259 287 30 
November 200 125 1124 274 287 0 
December 200 125 900 280 205 0 
January 200 125 563 271 97 0 
February 79 60 0 0 50 0 
March 0 0 0 0 0 0 

 
 
IX. CONCLUSION 
 
This draft makes a first attempt at developing a spatially explicit model of choice.  While I am 
unable at this time to estimate a model of location choice across the entire state of Florida due to 
limited data, I find that the model presented here fits the data well when looking at a small subset 
of the available data.  This suggests that once I obtain port information for the trip tickets, this 
model should lend itself well to extending the analysis to include all fishing zones.  In future 
iterations, I also plan to extend the model to include state dependence and forward looking 
behavior, which will provide a much richer environment to study trappers’ decisions.  In 
addition, I hope to continue working with my father’s data to investigate the benefits of using 
data with superior spatial resolution and possibly apply for a grant to collect similar data from a 
number of commercial fishermen. 
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