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Abstract 

Mismatches between policy scope and the spatial scale of ecosystem functions is 
widely implicated in resource over-exploitation and depressed returns. Policy 
instruments which are spatially differentiated have been suggested to improve 
economic and ecological outcomes, yet few empirical analyses validate these 
claims. This paper estimates the spatial patterns of exploitation in the Great 
Barrier Reef Marine Park coral trout commercial fishery. The econometric model 
accounts for spatial correlation in fleet response to revenue patterns. Estimates 
from the model are used to simulate spatially differentiated price instruments 
(e.g. spatially explicit licenses). With a spatially uniform policy, I estimate an 
annual fishery value of $0.7 million, which matches with estimates for fishery 
value derived from quota lease trading evidence. A spatially differentiated policy 
is estimated to result in substantial value gains ($4-12 million), though the 
magnitude depends on spatial spillover of the policy instrument. The model 
demonstrates the practical application of space-based price instruments as part 
of spatially explicit resource policy and underscores the importance of accounting 
for spatial heterogeneity and spillover in the design and evaluation of spatially 
differentiated resource policies.  
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Introduction 

Ecosystem structures are widely considered to be complex systems characterized by 

variability over multiple spatial scales (Levin, 1992). Recent technological advances such as 

geographic information systems (GIS) and remote sensing have contributed to biophysical 

understanding of the scale, assemblage, and function of terrestrial and marine ecosystems 

(Wilen, 2004). At the same time, efforts have been made to advance the socioeconomic concepts 

of organizational levels and institutional scales as they interface with ecological systems (Folke, 

et al., 2007, Gibson, et al., 2000). Nonetheless, the ability to link complex natural systems to their 

socioeconomic counterpart remains limited in the design of management institutions for natural 

resources in general and marine resources in particular. Resource over-exploitation is argued by 

many to result from institutional failure to match management policy to ecosystem spatial scale 

(e.g. Folke, et al., 2007, Kalikoski, et al., 2002, Wilson, 2006). In fact, it has been argued that 

spatial externalities – where economic activity in one location influences outcomes in another 

location – is as significant a cause of inefficient resource use as dynamic externalities (Costello 

and Polasky, 2008). Spatial regulatory mismatches may occur when the boundaries of 

management do not coincide with the mobile range of the resource (e.g. fish, groundwater 

aquifer), resulting in overexploitation and reduced resource returns (Janmaat, 2005, Sampson, 

et al., 2015, Sanchirico and Wilen, 2005, White and Costello, 2010). In terms of policy design, 

these problems not only raise questions about how and when to apply management 

interventions but also how management interventions should be applied over space. 

 When confronted with heterogeneous natural systems, resource managers decide how 

much ecological or spatial heterogeneity will be reflected in policy designs. Many argue that 

policies should be spatially differentiated, accounting for ecological patchiness, heterogeneity of 

productivity, and the patterns linking various elements of metapopulations (Sanchirico and 

Wilen, 1999, Wilen, et al., 2002). Marine reserves are a well-known case of a broader range of 

spatial policy options including area-specific harvest targets, limited-entry licensing, transferable 

quotas, and area-based taxation programs. Support for spatial policies from scientists hinge on 

beliefs that spatially explicit management can better protect against measurement errors, 

stochastic events, and serial depletions (Wilen, et al., 2002). Meanwhile, some economists posit 
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that because of the ecological and economic heterogeneity involved in many bioeconomic 

systems, resource returns can be improved by apportioning the spatial distribution of harvest 

effort in ways which reflect the spatial patterns of biological and economic characteristics 

(Costello and Deacon, 2007, Rassweiler, et al., 2012, Sanchirico and Wilen, 2005, Smith, et al., 

2009). The relatively recent availability of electronic monitoring and enforcement of fishing 

vessels can, in principle, allow for the realization of such spatially refined management in marine 

environments, where before spatial management was largely limited to terrestrial systems   

(Sanchirico and Wilen, 2007, Wilen, 2004). 

Many of the conceptual models demonstrating how spatial management outperforms 

non-spatial management assume policy makers can vary harvest quotas or effort restrictions 

over very short distances to achieve gains (Neubert, 2003, Rassweiler, et al., 2012). Yet, real-

world policies reflecting administrative limitations (e.g. enforcement costs and compliance 

burdens) may never realistically match the spatial resolution of such detailed prescriptions. While 

theory argues there are gains to spatial management, the magnitude of such gains is an open 

question that remains largely ignored in economic analysis. Accurate assessment of optimal 

spatially differentiated policy requires empirical understanding of the spatial behavior of the 

harvesting sector. Put simply, the magnitude of any potential increase to resource returns in 

transitioning to spatial management will depend on how the harvesting sector allocates 

economic activity across space (Rassweiler, et al., 2012, Sanchirico and Wilen, 2001, Smith and 

Wilen, 2003). Moreover, spatial connectivity of the environment is manifest not only through 

biophysical and economic conditions but also by regulatory policies (Costello and Polasky, 2008, 

Sanchirico and Wilen, 2001, Smith and Wilen, 2003). Where regulatory actions in one area 

influence harvesting decisions in another area, it is necessary to jointly account for spatial 

behavior and the spatial spillover of management actions when assessing the gains to spatially 

differentiated management.    

This paper examines the spatial behavior of a commercial fishing fleet harvesting in a 

spatially complex fishery. In particular, the relationship between the spatial distribution of fishing 

trips and expected fishing revenues in the Great Barrier Reef (GBR) Marine Park commercial coral 

trout fishery is estimated. Industry-level month and 30 nautical mile X 30 nautical mile site-level 
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data for the commercial coral trout fishery are available over a 10 year horizon, yet are censored 

by the regulator for reasons of confidentiality. This paper develops imputation methods to adjust 

for censored data and then econometrically estimates fishing location choice in order to identify 

how the fleet responds to spatially distinct revenue patterns. I find evidence of spatial 

dependence in behavior of the fishing fleet across reporting sites. In particular, I find that, for a 

given site, revenue patterns (such as those manifest through regulatory price instruments) 

outside the site can influence fishing activity to a greater degree than local revenue patterns.  

Estimates from the econometric model are used to simulate spatially differentiated 

fisheries management through the use of site-specific license lease prices. I find annual value to 

the fishery ranges between $0.64 million and $0.73 million under a spatially uniform policy. In 

the absence of spatial behavioral spillovers, fishery value increases by as much as $12 million 

under a spatially differentiated policy. However, the presence of spatial spillovers in behavioral 

responses to lease prices is shown to mitigate the potential gains from spatially differentiated 

management. Sites with low fisheries production place limitations on the value that can be 

derived from high production sites through the presence of behavioral spillovers which establish 

links in license prices between areas of low production and high production. Closure of low value 

areas is found to add value to spatial management in the presence of spatial regulatory spillovers 

by eliminating these links. Results reveal that accounting for spatial spillover is critical to the 

design of spatially differentiated policies in resource management, as spillover determines the 

magnitude of gains that can be expected.  

My focal resource is the GBR commercial coral trout fishery. Nonetheless, the theory and 

estimation techniques developed here are applicable to other renewable resources (e.g. forestry, 

grazing, aquifers) and pollution emitting sectors (e.g. soil carbon) where managers seek to use 

spatially differentiated price or quantity instruments as part of spatially explicit policy.  

The outline of the paper is as follows. The next section presents intuition for the main 

results from an illustrative model of spatial fisheries management. Regulatory background for 

the GBR commercial coral trout fishery follows the illustrative model. Description of the data and 

estimation techniques appear in the third and fourth sections. Results from the econometric 
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model are presented in the fifth section. Policy simulations derived from the econometric model 

are presented in the sixth section. The paper concludes with discussion of the results.  

 

An Example of Spatial Management 

 The intuition for the gains to spatial management under limited entry can be gleaned 

from a simple example. The foundation of the model is adapted from Sanchirico and Wilen 

(2002). Suppose there exists a three patch biological network as outlined in Figure 1. Let the 

biology within a patch evolve according to a traditional logistic growth function while source-

receptor dispersal patterns establish links between patches. To formalize the biology, define the 

following relation: 

 
𝑑𝑑𝑥𝑥𝑖𝑖
𝑑𝑑𝑑𝑑

= 𝑓𝑓𝑖𝑖(𝑥𝑥𝑖𝑖)𝑥𝑥𝑖𝑖 + 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖 + ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑛𝑛=3
𝑖𝑖=1
𝑖𝑖≠𝑖𝑖

− ℎ𝑖𝑖   (1) 

 

where 𝑓𝑓𝑖𝑖(𝑥𝑥𝑖𝑖) is the per capita biological growth rate in patch 𝑖𝑖, 𝑑𝑑𝑖𝑖𝑖𝑖 is the rate of emigration from 

patch 𝑖𝑖, 𝑑𝑑𝑖𝑖𝑖𝑖 is the dispersal rate between patch 𝑖𝑖 and patch 𝑗𝑗, and ℎ𝑖𝑖  is the harvest rate in patch 

𝑖𝑖.  

Let the rent specification from fishing be: 

 

𝑅𝑅(𝐸𝐸𝑖𝑖, 𝑥𝑥𝑖𝑖) = 𝑝𝑝𝑞𝑞𝑖𝑖𝐸𝐸𝑖𝑖𝑥𝑥𝑖𝑖 − 𝐸𝐸𝑖𝑖𝑐𝑐𝑖𝑖  (2) 

 

where 𝑝𝑝 is the common price per unit landed, 𝑞𝑞𝑖𝑖 is the patch-specific catch scaling parameter, 𝐸𝐸𝑖𝑖 

is aggregate patch-level effort, and 𝑐𝑐𝑖𝑖 is the cost per unit effort of fishing. Under limited entry, 

the equilibrium price of a license will reflect the anticipated rents from the fishery (Sanchirico, 

2004, Sanchirico and Wilen, 2002). That is, the maximum that a prospective entrant would pay 

an existing license holder to obtain temporary rights for any period is equal to the expected rents 

during that period. Note that rents to any patch 𝑖𝑖 depend on both the local biological abundance 

and neighboring abundances in sites 𝑗𝑗 ≠ 𝑖𝑖 because of the biological linkages between sites. 

Letting 𝑙𝑙𝑖𝑖 denote the equilibrium license lease price in a given period, (2) can rewritten as: 
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𝑅𝑅(𝐸𝐸𝑖𝑖, 𝑥𝑥𝑖𝑖) − 𝐸𝐸𝑖𝑖𝑙𝑙𝑖𝑖 = 0,   ∀𝑖𝑖 = 1, … ,𝑛𝑛  (2’) 

 

Condition (2’) states that in long-run equilibrium fishers are indifferent between participating in 

the fishery or not and indifferent between fishing in sites 𝑖𝑖 and 𝑗𝑗. 

The objective of the fishery manager is to maximize the value of the fishery. She does this 

by setting license lease prices for each patch 𝑖𝑖.2 Specifically, the manager faces the following 

program: 

 

max
𝐿𝐿𝑖𝑖

∑ 𝑅𝑅(𝐸𝐸𝑖𝑖, 𝑥𝑥𝑖𝑖)𝑖𝑖   (3) 

 

subject to the conditions in (1) and (2’).  

The model is evaluated at biological equilibrium for tractability and ease of inference. 

Formally, the biological equilibrium is found by setting the system of equations in (1) equal to 

zero and simultaneously solving for each patch’s biomass to obtain in terms of the local and 

neighboring effort. The distribution of effort conditional on the local economic parameters is 

then found using the equilibrium biomass and condition (2’). Running the resulting expressions 

through the program in (3) yields the set of optimal license prices, which can then be used to 

numerically determine patch-specific effort and biomass.  

Numerical Illustrations of Optimal License Pricing 

The common ex vessel price 𝑝𝑝 and harvest coefficient 𝑞𝑞𝑖𝑖 are set to unity to simplify the 

model. To introduce heterogeneity between patches, I choose patch-specific growth rates from 

a normal distribution, 𝑟𝑟~𝑁𝑁(0.7,0.002), where 0.7 is the measure of the mean growth rate across 

the system. The patch-specific carrying capacity is also chosen from a normal distribution, 

𝑘𝑘~𝑁𝑁(1, 0.01). Panel A of Figure 1 shows each patch’s deviation from the mean growth rate and 

mean carrying capacity. A source-receptor pattern is modeled by choosing inter-patch dispersal 

rates from a normal distribution, 𝑑𝑑𝑖𝑖𝑖𝑖~𝑁𝑁(0,0.01).3 Using this method, patch 2 is a source for both 

                                                           
2 Here the fishery manager is spatially discriminating. An analogous condition is a third-degree price discriminating 
regulator setting distinct prices to consumer groups which differ in their demand functions. 
3 Dispersal of coral trout on the GBR occurs during larval stages. This is best modeled using source-receptor 
patterns (Harrison, et al., 2012). 
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patch 1 and patch 3. In each period, 11% and 14% of the absolute biomass level in patch 2 is 

settled into patches 1 and 3, respectively. Patches 1 and 3 are further from port and are assumed 

to have travel (effort) costs 66% higher than the nearshore patch. 

 I compare outcomes from a policy which sets a uniform license lease price across the 

whole system to a spatially differentiated policy which sets a lease price specific to each patch. 

The spatially uniform policy sets the same license lease price across all three patches (𝑙𝑙 = 0.266). 

Aggregate rents to the system under uniform license pricing are 𝑅𝑅 = 0.148. The relative 

difference in outcomes under the spatially differentiated license lease pricing policy from the 

spatially uniform policy are summarized in Panel B of Figure 1. The nearshore source patch is 

overexploited and the offshore patch with low carrying capacity is underexploited with the 

spatially uniform license policy. By comparison, the nearshore source patch has the highest 

license lease price under the spatially differentiated policy. This reflects the local economics (e.g. 

relatively low travel costs) and the underlying biological networks which cause spillover effects 

throughout the system. Effort in patch 2 is discouraged with the high lease price while effort in 

patch 1 is encouraged with the relatively low lease price. At equilibrium, approximately 12% of 

the biomass in patches 1 and 3 is derived from spillovers from patch 2. The value in moving 

toward a spatially explicit policy is measured by the amount to which fishery rents under the 

spatially differentiated license policy exceed rents under the spatially uniform license policy. 

Under the spatially differentiated license policy, the fishery rents experience a 9.8% increase over 

the spatially uniform policy.  

 

Background: The Great Barrier Reef Fin Fish (Coral Trout) Fishery 

The GBR contains approximately 3,000 individual reefs and is the world’s largest reef 

system (Fig. 2). Many of the commercially valuable fin fish on the GBR exist as fragmented 

metapopulations, with reef-specific subpopulations linked through dispersal during larval stages 

(Little, et al., 2007). Estimated annual economic value of the commercial coral reef fin fish fishery 

is $44 million4 (Thébaud, et al., 2014). Much of value in the fishery comes from the sale of live 

                                                           
4 All monetary values are AU$ unless otherwise noted.  
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coral trout at $30-50/kilogram ex vessel (Thébaud, et al., 2014).5 Annual gross value product for 

coral trout is approximately $25 million (Tables 1 and 2). Commercial fishing accounts for three-

quarters of all coral trout catch (Department of Agriculture Fisheries and Forestry, 2013).  

Management of the commercial coral trout fishery falls under the jurisdiction of the 

Queensland Department of Agriculture, Forestry, and Fisheries while management of the GBR 

Marine Park falls under the jurisdiction of the GBR Marine Park Authority. Prior to financial year 

2004-2005, the commercial coral trout line fishery was managed via limited entry6, gear 

restrictions (e.g. hook size and number of hooks per line), and area closures amounting to 5% of 

the total Marine Park area. The commercial fin fish fishery underwent significant management 

change in July 2004, due largely to coral reef conservation interests (John Kung, Fisheries 

Queensland, personal communication, July 2015). Per the Great Barrier Reef Marine Park Zoning 

Plan 2003, portions of the Marine Park closed to fishing increased from 5% to 33% (Thébaud, et 

al., 2014). Additionally, the Queensland Fisheries Service Coral Reef Fin Fish Fishery Management 

Plan 2003 implemented a total allowable commercial catch (TACC) for selected species in the 

GBR fin fish fishery based on historic catch records. The coral trout TACC over the entire GBR 

Marine Park was set at 1,288 metric tons annually (Department of Agriculture Fisheries and 

Forestry, 2013). Recent landings have not been constrained by the TACC and have been low 

relative to the late-1990s pre-quota landings, due in part to severe cyclone activity during the 

mid-2000s and early-2010s and proliferation of no-take zones (Fig. 3 and A1).7 The TACC is 

expected to fall if landings continue to be non-binding (James Innes, CSIRO, personal 

communication, July 2015). 

Initial allocation of the TACC was based on catch histories of active license holders (John 

Kung, Fisheries Queensland, personal communication, July 2015). Quota holders pay a small 

management fee ($0.35/kg) to the Queensland Department of Agriculture, Forestry, and 

Fisheries on each unit of quota held at the start of each financial year. Quota entitlements can 

                                                           
5 It is estimated that 85-90% of commercial coral trout landings are live product. Dead product sells at 
approximately half the value of live product.  
6 New commercial line fishing licenses for coral trout were frozen in 1983. 
7 Six severe tropical cyclones struck off the coast of Queensland between 2005 and 2006. Seven more struck the 
area between 2009 and 2011 (http://www.bom.gov.au/cyclone/history/). 

http://www.bom.gov.au/cyclone/history/
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be sold off permanently or temporarily leased amongst license holders.8 Any leased quota reverts 

back to the owner at the close of the financial year. Once a license holder obtains the appropriate 

fishery symbol9, fishery access fees10, and quota, that fisher is then able to exercise his quota 

anywhere in the fishable portions of the GBR Marine Park. 

Because coral trout can be caught anywhere within the GBR Marine Park and the entire 

area is subject to a single TACC, the current management policy is susceptible to inefficiencies as 

commercial fishers are unlikely to be indifferent to where they exercise their effort (Costello and 

Deacon, 2007, Sanchirico and Wilen, 2005, Smith and Wilen, 2004). For instance, commercial 

fishers may preferentially target high density stocks or stocks close to port to facilitate marketing 

of live product (Sanchirico, 2004).11 Both fisher behavior and species populations are 

heterogeneously distributed across the spatial seascape (see Fig. 2 and 4). Harvest rights under 

the current policy are therefore only partly delineated. A more refined assignment of property 

rights could increase value to the fishery through apportionment of harvest effort (or the spatially 

explicit price signal) to reflect the heterogeneity of the coral trout ecosystem (Costello and 

Deacon, 2007). Because fishing effort and landings reports are obligatory within the 30 nautical 

mile X 30 nautical mile sites, they represent potential for the regulatory agency to delineate 

management zones that are enforced electronically through vessel GPS.12 Assigning harvest 

activity through allowance licenses specific to the 30 nautical mile X 30 nautical mile site is one 

way to design spatial policies intended to maximize value to the GBR coral fisheries.  

 

                                                           
8 From August 2011 to October 2012, nominal prices ranged between $1/kg and $4/kg for leases and $15/kg and 
$45/kg for sales (Thébaud, et al., 2014) 
9 Symbol endorsements on the fishing license entitle the holder to operate in the named fishery and region. For 
example, the symbol allowing operation in the GBR Marine Park line fishery is ‘L2’. For more information, refer to 
the Queensland Department of Agriculture and Fisheries website 
https://www.daff.qld.gov.au/fisheries/commercial-fisheries/licensing-reporting-enforcement/commercial-fishery-
symbols  
10 A commercial boat owner wishing to operate in the GBR must purchase Commercial Fisher and Commercial Boat 
license fees and an entry fee to fish the GBR Marine Park. Each fee amounts to approximately $300 and is levied 
annually.  
11 One fisher has been reported stating that vessels based in Mackay (southern portion of the GBR) had exploited 
all the larger coral trout close to home port by 1984 and were subsequently compelled to travel 200 kilometers 
further offshore to the more remote Swain Reefs in search of marketable coral trout (Leigh, Campbell et al. 2014).  
12 While it is not feasible to literally “fence the ocean” (Smith and Wilen, 2002), the availability of vessel tracking 
through GPS transponders permits electronic demarcation and enforcement (Sanchirico and Wilen, 2007).  

https://www.daff.qld.gov.au/fisheries/commercial-fisheries/licensing-reporting-enforcement/commercial-fishery-symbols
https://www.daff.qld.gov.au/fisheries/commercial-fisheries/licensing-reporting-enforcement/commercial-fishery-symbols
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Data Overview 

 The analysis requires spatially explicit data on fleet effort and catch. The fishery data, 

obtained from the Queensland Department of Agriculture, Fisheries, and Forestry, contains 3,056 

monthly observations spatially disaggregated at the 30 nautical mile X 30 nautical mile site level 

on commercial coral trout effort and catch for the 2004-2005 through 2013-2014 financial years 

within the GBR Marine Park.13 In total there are 71 different spatial units and 120 months. Site 

and month level observations where fewer than 5 licenses were active are censored from the 

dataset for confidentiality by the regulator. Figure 2 summarizes the total spatial distribution of 

effort within the GBR aggregated over the 2004-2005 through 2013-2014 financial years. I also 

obtained spatially aggregated data across the entire GBR at the month-level and spatially 

disaggregated data at the financial year-level (Table 1 and A1). The set of sites that were 

potentially active yet censored from the monthly dataset are identified by exploiting the spatially 

disaggregated dataset presented at the financial year level. For the purpose of this study, sites 

where fewer than 5 licenses were active in a financial year are considered inactive sites and are 

imputed zeros for catch and effort.14 There are 1,547 such site-month observations in the 

dataset. Sites where 5 or more licenses were active (thus appearing in the financial year-level 

dataset) are considered active sites. Imputation of these active sites is discussed below. Within 

the dataset, there are 8,520 total observations, of which 3,056 are directly observed from the 

Queensland Department of Agriculture, Fisheries, and Forestry, 1,547 are considered inactive 

and imputed values of zero, and 3,917 are considered active yet censored and imputed positive 

values. The censoring rate of our ultimate dataset is thus 64%.   

As part of an auxiliary dataset, I obtained monthly averaged retail diesel prices at the 

Queensland regional level and monthly average unemployment at the state level (Table A2 in the 

Appendix). Additionally, hourly wave data were obtained from the Queensland government for 

the four coastal monitoring stations closest to the nine major fishing ports along the Queensland 

coast. Significant wave height is aggregated to the daily level. The number of days within a month 

that the mean significant wave height exceeded 1.5 m and 3.0 m are then counted (see Tables 

                                                           
13 Data are publicly available for download from http://qfish.fisheries.qld.gov.au/  
14 For 2004-2005 through 2013-2014, the average number of vessels active in site in a given year is 17. 

http://qfish.fisheries.qld.gov.au/
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A3 and A4). Together, these variables are used to capture fishing decisions related to weather. I 

also obtained data on the occurrence of tropical cyclones off the coast of Queensland between 

2004 and 2014 from the Bureau of Meteorology (Table A5). Estimated ex vessel prices for coral 

trout are from Little et al (2009) (Fig. A1). To account for the different prices of live product and 

whole or filet product, I compute an average price of the three product types weighted by the 

proportion of coral trout landings represented by the three product types. This weighted price is 

referred to as the composite price of coral trout. 

 

Estimation 

The standard approach to estimating spatially explicit behavioral fishing models in the 

literature is to exploit micro-level data in discrete choice frameworks (e.g. random utility 

modeling) (Pelletier and Mahévas, 2005, Smith, 2000). Unfortunately, micro-level data are not 

always available due to confidentiality concerns. Nonetheless, industry or aggregate level 

estimation techniques have been shown in some applications to perform out of sample 

predictions more accurately than micro-level techniques (Smith, 2002).  

The goal of the spatial commercial fleet behavior model is to predict how the distribution 

of fishing effort changes according to expectations of daily revenues from fishing activity. 

Expected daily revenues are forecast using 12 month lags of revenues.15 Figure 5 presents a time 

series of expected revenues and actual revenues for representative sites in the northern and 

southern GBR Marine Park. Because lagged months are relied upon to compute expectations, 

sample selection could confound the ability to precisely estimate the effects of expected 

revenues on effort decisions if consecutive calendar months are missing from the dataset. In fact, 

only half of the sites within our dataset contain more than 72 of the 120 total monthly 

observations (e.g. 60% of the total time series). Moreover, model estimates may be biased if the 

missing data are not missing completely at random (Allison, 2001). I therefore argue that 

imputation of the missing observations is critical for precise estimation of spatial behavior in this 

                                                           
15 A 12 month lagged model is chosen based on Bayes’s and Akaike score criterion as measured against shorter lag 
models. Expectations of fishing productivity may be based both on near-term seasonal patterns and annual cycles. 
For instance, the best expectation for December revenues might be based on November’s revenues as well as last 
December’s revenues.  
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context. For the imputation method discussed below, a site that is censored from the monthly 

dataset yet potentially fished is identified as being any site that was fished by five or more distinct 

licenses within the associated financial year. That is, I know that a site was fished from the end 

of year annual reporting, but I don’t know which month(s) in that year were fished.  

To conduct the imputation, I exploit the auxiliary datasets. In particular, values for missing 

effort are imputed by predictive mean matching (Little, 1988), where values for vessel-days 

(Days) are taken at random from one of three observed candidate sites best matching predicted 

values estimated from the auxiliary data.16  Use of multiple imputation methods such as 

predictive mean matching where value of the unobserved variable might determine missingness 

can produce biased estimates (Allison, 2000). However, in this application there are a number of 

qualifying factors justifying the use of multiple imputation. First, an auxiliary dataset containing 

control variables is available to predict missing values of the variable Days (Table A6). Because 

the imputed values are taken from observed relations between Days and the control variables, 

the original distribution of the variable is maintained (Little, 1988). Second, I am able to ascertain 

potential biasness produced during imputation of the missing data by comparing sums of the 

monthly data to the annual observed dataset provided by the regulator (Fig. 6). This allows for 

some ground truthing of the imputation strategy. Lastly, tests for sample selection bias can be 

conducted using a Heckman selection model, which I conduct later as a sensitivity check.  

The variables used in prediction are distance (in km) from the nearest port to the site 

centroid, distance squared, and time-varying characteristics including monthly averaged retail 

diesel prices, cyclone occurrences, ex vessel prices of live coral trout, average monthly 

unemployment, and financial year dummies to account for the drop in effort starting in the 2010-

2011 financial year (Table A6). I then impute values for missing landings by estimating a linear 

regression of the natural log of landings (Weight) on Days.17  This imputation method is referred 

to herein as “PMM imputation”. Table 2 presents summary data of the uncensored data only 

                                                           
16 The approach here is similar to propensity score matching, where treated subjects are matched to control 
subjects based on the distribution of observed covariates (Rosenbaum and Rubin, 1985). Because predictive mean 
matching is partial parametric, it has the ability to preserve the distribution of observed values in the imputed data 
(Little, 1988).   
17 Specifying a simple, Schaefer style model of catch captures over 90% of the variation (adjusted R-squared) in 
landings.   
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while Table 3 summarizes data using PMM imputation. Figures 6 and 7 present comparisons of 

annual observed values and sum of monthly imputed values for Days and Weight, respectively. 

Note that PMM imputation closely approximates the number of vessel-days but slightly 

underestimates landings. Because PMM imputation slightly overestimates effort while 

underestimating landings, the econometric results from this model should provide conservative 

estimates of how the fleet responds to expected revenues.  

The spatial distribution of fishing effort over the GBR is estimated with and without 

imputation. I also estimate five different econometric specifications as a means to test for 

sensitivity to assumptions of spatial dependence. In particular, a pooled ordinary least squares 

model (OLS), a fixed effects model (FE), a spatially autoregressive model (SAR), spatial-error 

model (SEM), and an unconstrained spatial Durbin model (SDM) are estimated. Spatial 

interaction models for the case without imputation are not estimated due to unbalanced panels.  

I begin with the OLS and FE models. Let 𝑖𝑖 index the cross-sectional dimension (30 nautical 

mile X 30 nautical mile spatial units), with 𝑖𝑖 = 1, … ,𝑁𝑁 and let 𝑡𝑡 index the time dimension 

(months), with 𝑡𝑡 = 1, … ,𝑇𝑇. Let 𝑦𝑦𝑖𝑖𝑑𝑑 denote an observation on the dependent variable (Days) 

measuring fishing activity in vessel-days for spatial unit 𝑖𝑖 and time 𝑡𝑡. Let 𝑥𝑥𝑖𝑖𝑑𝑑 denote a (1,𝐾𝐾) row 

vector of observations on independent variables and 𝛽𝛽 a matching (𝐾𝐾, 1) vector of unknown 

parameters. The independent variables employed are expected daily fishing revenues (Expected 

Revenues), standard deviation of revenues (Standard Deviation of Expected Revenues)18, diesel 

fuel price in dollars per liter interacted with distance from the nearest port to the site center 

(Distance X Fuel), whether fishing was conducted in the prior month (No Fishing in Prior Month) 

or year (No Fishing in Prior Year), and counts of the number of days in the month where the 

significant wave height at the nearest wave monitoring station exceeded 1.5m (1.5 Meter Wave) 

or 3.0m (3 Meter Wave).  

Ex ante, I anticipate positive coefficients on Expected Revenues and negative coefficients 

on the remaining covariates. The interaction of fuel price with distance from port is a measure of 

travel costs and should be negative. All else equal, an increase in revenue variance should lower 

                                                           
18 The standard deviation of revenue is found by taking the square root of the average 12-month summed 
differences between Expected Revenues and estimates for daily revenues derived from coral trout prices and 
reported landings.  
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effort if skippers are risk averse. No fishing in the prior month could capture temporal trends in 

unproductive fishing grounds. No fishing in the prior month could also capture the effects of a 

rested area, which skippers may target as a revived source of production. Therefore, it is unclear 

what sign should be expected on this coefficient. No fishing in the prior year could suggest longer 

term unproductive fishing grounds, so I expect a negative coefficient. Wave height counts 

establish some measure of the danger of navigating the coast. I expect negative coefficients on 

these covariates if skippers are risk averse. 

The formal specifications of OLS and FE are: 

 

𝑂𝑂𝑂𝑂𝑂𝑂: 𝑦𝑦𝑖𝑖𝑑𝑑 = 𝑥𝑥𝑖𝑖𝑑𝑑𝛽𝛽 + 𝜇𝜇 + 𝑒𝑒𝑖𝑖𝑑𝑑  (4) 

 

𝐹𝐹𝐸𝐸:𝑦𝑦𝑖𝑖𝑑𝑑 = 𝑥𝑥𝑖𝑖𝑑𝑑𝛽𝛽 + 𝜇𝜇𝑖𝑖 + 𝜖𝜖𝑖𝑖𝑑𝑑  (5) 

 

where terms 𝜇𝜇 and 𝜇𝜇𝑖𝑖 can be interpreted as a pooled intercept in the OLS specification and an 

individual-specific effect in the FE specification. The last right-hand terms in both models are 

disturbances. I report robust standard errors as a means to offset any potential downward bias 

in standard errors produced during imputation. If the disturbance term (𝑒𝑒𝑖𝑖𝑑𝑑) is correlated over 

time for a particular spatial site, then the OLS standard errors and thus any derived hypotheses 

should not be relied upon. Moreover, if fixed effects are present and correlated with the 

independent variables, then estimation by OLS will be inconsistent. 

Two potential problems exist when estimating a panel model with locational components. 

First, there may exist spatial dependence between observations at each point in time in the panel 

(Elhorst, 2003). Distance between fishing sites or ecological regions may affect economic 

behavior of the fishing fleet. Moreover, because the observations are spatially defined by the 

regulator (i.e. Queensland Department of Agriculture, Fisheries, and Forestry), there may be 

spatial correlation in outcomes depending on the nature of the reporting zone demarcations. For 

instance, given the patchy distribution of coral trout biomass within the GBR, and in particular 

the southern portion (Fig. 4), it may be the case that expected revenues and other economic 

behaviors are positively spatially autocorrelated according to regional biomass “hotspots.”  This 
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notion of economic behavior and biological abundance linked through production functions 

dates back to Schaefer (1957) and is underscored more recently by Sanchirico and Wilen (2005), 

who argue that shadow values of biomass reflect profit contributions to the local point in space 

in addition to contributions to adjacent points in space.  

More generally, the task of spatially explicit policies in spatially complex environments is 

to account for heterogeneities across space as well as biological and economic spillover (Smith, 

et al., 2009 and references therein). In this application, I find the Moran-I test statistic rejects the 

null hypothesis of no spatial correlation at p-values of 0.10 or lower in the dependent variable, 

Days, and the independent variable, Standard Deviation of Expected Revenue, for over 30% of 

the months in our panel. For the independent variable of interest, Expected Revenues, the 

Moran-I test statistic rejects the null at p-values of 0.10 or lower for over 60% of the months in 

the panel. In particular, the nature of correlation suggested by Moran’s index indicates the 

presence of positive spatial correlation or “hot spots.” That is, for site 𝑖𝑖, the sites surrounding site 

𝑖𝑖 are similar to site 𝑖𝑖 with respect to the measurement of interest. If there truly were no spatial 

correlation present, one would expect rejection of the null hypothesis for only 10% of the panels. 

I therefore argue that it would be imprudent to ignore the possibility of spatial correlation in 

economic behavior in the commercial coral trout fishery.   

A second potential problem one faces is that the parameters may vary over different 

locations in space. Thus, in order to capture different behavior of different spatial units, it may 

be preferential to specify a model accounting for spatial dependence rather than specifying a 

panel approach which averages across spatial units and may fail to completely capture spatial 

heterogeneities (Elhorst, 2003).  

To address potential spatial dependence between observations, the econometrician can 

incorporate a spatial autoregressive process in the disturbance term, or incorporate a spatially 

autoregressive dependent variable. The former model is referred to herein as SEM and the latter 

as SAR. In SEM, spatial influence is manifest through the error term and would address any 

potential spatial correlations in variables omitted from the model. In contrast, the SAR model 

specifies that the dependent variable 𝑦𝑦 in site 𝑖𝑖 depends on the value of 𝑦𝑦 in neighboring sites 
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𝑗𝑗 ≠ 𝑖𝑖. The SAR model would therefore address the aforementioned possibility of positive spatial 

correlation in Days. 

In what follows, 𝑤𝑤𝑖𝑖𝑖𝑖 is the 𝑖𝑖, 𝑗𝑗𝑑𝑑ℎ element of the (𝑁𝑁 × 𝑁𝑁) spatial weight matrix 𝑊𝑊 

describing the arrangement of spatial units (Fig. 8). All diagonal elements of the weight matrix 𝑊𝑊 

are zero, preventing self-influence. I follow convention in spatial fisheries models (e.g. Flores-

Lagunes and Schnier, 2012) by specifying that each element of 𝑊𝑊, 𝑤𝑤𝑖𝑖𝑖𝑖 = 1

𝑑𝑑𝑖𝑖𝑖𝑖
𝑓𝑓 , where 𝑑𝑑𝑖𝑖𝑖𝑖 is the 

Euclidian distance between site centroids 𝑖𝑖 and 𝑗𝑗 and 𝑓𝑓 is a friction parameter.19 I row-normalize 

𝑊𝑊 such that the sum of any row is one. In the SAR model, 𝛿𝛿 is referred to as the spatial 

autoregressive coefficient, while in the SEM 𝜌𝜌 is referred to as the spatial autocorrelation 

coefficient. I also include individual spatial unit and year-month fixed effects 𝜇𝜇𝑖𝑖 and 𝜏𝜏𝑑𝑑, 

respectively. The spatially dependent models are estimated using maximum likelihood due to 

concerns of simultaneity bias in least squares estimation (for a formal proof, see Azomahou and 

Lahatte, 2000).20 

 

𝑂𝑂𝐸𝐸𝑆𝑆:𝑦𝑦𝑖𝑖𝑑𝑑 = 𝑥𝑥𝑖𝑖𝑑𝑑𝛽𝛽 + 𝜇𝜇𝑖𝑖 + 𝜏𝜏𝑑𝑑 + 𝜙𝜙𝑖𝑖𝑑𝑑,   𝜙𝜙𝑖𝑖𝑑𝑑 = 𝜌𝜌∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝜙𝜙𝑖𝑖𝑑𝑑𝑁𝑁
𝑖𝑖=1 + 𝜖𝜖𝑖𝑖𝑑𝑑  (6) 

 

𝑂𝑂𝑆𝑆𝑅𝑅:𝑦𝑦𝑖𝑖𝑑𝑑 = 𝛿𝛿 ∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑦𝑦𝑖𝑖𝑑𝑑𝑁𝑁
𝑖𝑖=1 + 𝑥𝑥𝑖𝑖𝑑𝑑β + µi + 𝜏𝜏𝑑𝑑 + 𝜖𝜖𝑖𝑖𝑑𝑑  (7) 

 

Lastly, I estimate SDM, which specifies that the dependent variable 𝑦𝑦 in site 𝑖𝑖 depends on 

local values of 𝑦𝑦 and 𝑥𝑥 as well as the values of 𝑦𝑦 and 𝑥𝑥 in neighboring sites 𝑗𝑗 ≠ 𝑖𝑖. The concern 

addressed by SDM is omission of covariates for neighboring sites that are correlated with site 𝑖𝑖 

covariates. Neglecting these covariates could result in incorrect inferences through omitted 

variable bias. The SDM accounts for omitted variables by specifying the disturbance term as a 

linear combination of covariates and an error term that is independent of the covariates.  

Specification of the SDM model would therefore account for concern over positive spatial 

                                                           
19 The friction parameter captures nonlinear decreases in the effect unit 𝑗𝑗 has on unit 𝑖𝑖 as distance increases. For 
simplicity I set 𝑓𝑓 = 1. 
20 The estimator has been implemented using Stata’s xsmle command, which is described in detail in Belotti, et al. 
(2014).  
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correlation in Days as well as positive spatial correlation in the explanatory variables. Spatial lags 

for Expected Revenues and Standard Deviation of Expected Revenue are included in SDM on the 

basis of information score criterion in model selection and tests for spatial correlation. The term 

𝛾𝛾 is a (𝐾𝐾, 1) vector of unknown parameters, similar to the term 𝛽𝛽. Because SDM nests the SAR 

model and SDM can be derived from SEM, the hypotheses 𝐻𝐻0: 𝛾𝛾𝑤𝑤𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑑𝑑 = 0 and 𝐻𝐻0: 𝛾𝛾𝑤𝑤𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑑𝑑 +

𝛿𝛿𝛽𝛽𝑤𝑤𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑑𝑑 = 0 can be used to test whether the SDM can be simplified to either the SAR model or 

SEM, respectively.21  

The formal specification of SDM is: 

 

𝑂𝑂𝑆𝑆𝑆𝑆:𝑦𝑦𝑖𝑖𝑑𝑑 = 𝛿𝛿 ∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑦𝑦𝑖𝑖𝑑𝑑𝑁𝑁
𝑖𝑖=1 + 𝑥𝑥𝑖𝑖𝑑𝑑𝛽𝛽 + ∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑑𝑑𝛾𝛾𝑁𝑁

𝑖𝑖=1 + 𝜇𝜇𝑖𝑖 + 𝜏𝜏𝑑𝑑 + 𝜖𝜖𝑖𝑖𝑑𝑑  (8) 

 

For ease of expression I can rewrite (8) in stacked matrix form as: 

 

𝑦𝑦 = 𝛿𝛿𝑊𝑊𝑦𝑦 + 𝑋𝑋𝛽𝛽 + 𝑊𝑊𝑊𝑊𝛾𝛾 + 𝑢𝑢  (8’) 

 

where 𝑦𝑦 is  (𝑁𝑁𝑇𝑇 × 1) vector of vessel-days, 𝑊𝑊 is the (𝑁𝑁 × 𝑁𝑁) row standardized weighting matrix, 

𝑊𝑊𝑦𝑦 the spatially lagged endogenous variable, 𝑋𝑋 is the (𝑁𝑁𝑇𝑇 × 7) matrix of explanatory variables, 

𝑊𝑊 is the (𝑁𝑁𝑇𝑇 × 2) matrix of spatially lagged explanatory variables, and 𝑢𝑢 is a (𝑁𝑁𝑇𝑇 × 1) 

disturbance term.  

Marginal Effects  

Note that interpretation of the regression parameters in SAR (7) and SDM (8) is more 

detailed than ordinary linear regressions. In least squares estimation, the 𝑟𝑟𝑑𝑑ℎ parameter from the 

vector 𝑏𝑏, 𝑏𝑏𝑟𝑟, is interpreted as the partial derivative of dependent variable 𝑦𝑦 with respect to the 

𝑟𝑟𝑑𝑑ℎ independent variable from the matrix 𝑥𝑥, denoted 𝑥𝑥𝑟𝑟. Moreover, with independent 

observations in least squares estimation, the partial derivative of 𝑦𝑦𝑖𝑖 with respect to 𝑥𝑥𝑖𝑖𝑟𝑟  is 0 for 

𝑖𝑖 ≠ 𝑗𝑗 (LeSage and Pace, 2009). In a model with spatial dependence, however, these least squares 

interpretations are typically invalid. Using (8’) for illustrative purposes and taking the partial 

                                                           
21 If 𝛾𝛾 = −𝛿𝛿𝛽𝛽 then 𝛿𝛿 = 𝜌𝜌 and SDM conforms to SEM (Elhorst, 2010). This test can be done post-estimation as a 
simple likelihood ratio test.  
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derivative at time 𝑡𝑡 of 𝑦𝑦 at site 𝑖𝑖 with respect to 𝑥𝑥 ∈ 𝑊𝑊 at site 𝑗𝑗 reveals that this value is potentially 

non-zero and is determined by the 𝑖𝑖, 𝑗𝑗𝑑𝑑ℎ element of 𝑊𝑊. The upshot is that a change in the 

dependent or independent variable for a single site can potentially affect the dependent variable 

in other sites. The impact of a change in independent variable 𝑥𝑥𝑖𝑖  on 𝑦𝑦𝑖𝑖 includes spillovers where 

observation 𝑖𝑖 affects observation 𝑗𝑗. The magnitude of any spatial spillover is determined by 

position in space, specification of weight matrix 𝑊𝑊, the spatial correlation parameters 𝜌𝜌 and 𝛿𝛿, 

and the parameter 𝛾𝛾.  

To formalize the marginal effect of a change in the 𝑘𝑘𝑑𝑑ℎ explanatory variable on dependent 

variable 𝑦𝑦 at some instant in time 𝑡𝑡, consider the following representation of marginal effects 

from SDM: 

 

� 𝜕𝜕𝜕𝜕
𝜕𝜕𝑥𝑥1𝑘𝑘

 … 𝜕𝜕𝜕𝜕
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�  (9) 

 

where 𝐼𝐼𝑛𝑛 is an 𝑛𝑛-dimensional identity matrix. Because the diagonal elements of 𝑊𝑊 are zero and 

the rows sum to unity, the cross-partial derivative, or indirect effect of 𝑗𝑗 on 𝑖𝑖, can be interpreted 

as the average indirect effect of a change across all sites 𝑗𝑗 on outcomes in site 𝑖𝑖. This can be seen 

in (9) by inspecting the non-diagonal row elements. For instance, if expected revenues increase 

by $1 in all sites 𝑗𝑗 ≠ 𝑖𝑖 while remaining constant in site 𝑖𝑖, then the expected marginal effect in site 

𝑖𝑖 is 𝛾𝛾𝑘𝑘. The coefficient 𝛽𝛽𝑘𝑘 can be interpreted as the direct effect of a change in variable 𝑘𝑘 in site 

𝑖𝑖 on outcomes in site 𝑖𝑖. This can be seen as the diagonal elements of (9). Finally, the total effect 

of a change in variable 𝑘𝑘 across the system on outcomes in site 𝑖𝑖 is measured by 𝛽𝛽𝑘𝑘 + 𝛾𝛾𝑘𝑘 and is 

found by the row entries in (9) (LeSage, 2014).  

I follow Pace and LeSage (2014) in presenting summary measures of these effects as 

average impacts to an observation. Hence, the average direct effect is defined as the mean 

diagonal element of (9). The average indirect effect is defined as the mean row sum of non-

diagonal elements of (9). Finally, note that relative to SAR, the SDM total impacts are capable of 

generating greater heterogeneity given the presence of the matrix 𝑊𝑊𝛾𝛾 in the total effects. This 
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allows the spillovers from each spatially lagged independent variable, 𝑥𝑥𝑘𝑘, to differ whereas the 

SAR has a common multiplier for spatially lagged dependent variables. For this reason, it is not 

necessarily expected that SAR and SDM produce similar estimated impacts in practice (LeSage 

and Pace, 2009).  

 

Main Empirical Results  

Table 4 reports estimates from models using the PMM imputation technique. Recall the 

PMM imputation technique assigns values to missing observations using the set of donors which 

best predict Days using the auxiliary characteristics. Columns 1 and 2 of Table 4 report estimates 

from the OLS and FE models. All covariate coefficients are estimated with the anticipated sign 

and nearly all are statistically significant at 10% or better. Relative to OLS, the FE estimates on 

Expected Revenues are half the magnitude. This is intuitive, as the site-specific fixed effects 

absorb some of the influence that revenues have on fishing activity. Estimated coefficient values 

on No Fishing in the Prior Month, No Fishing in the Prior Year, 1.5 Meter Wave, and 3 Meter Wave 

also experience reductions under FE specification. Curiously, the coefficient on Distance X Fuel 

nearly doubles in magnitude when site-specific fixed effects are specified. I interpret this as the 

point estimate attributing time varying factors to the estimate.  

 Columns 3 and 4 of Table 4 report estimates from SEM, with site fixed effects and site and 

year-month fixed effects, respectively. Coefficient point estimates on Expected Revenues and 

Standard Deviation of Expected Revenue are similar in magnitude to FE and are significant at 1%. 

Coefficients on Distance X Fuel and 1.5 Meter Wave are no longer significant, suggesting spatial 

correlations in the error term absorb some of the variation formerly attributed to these factors. 

Indeed, I observe a significant 𝜌𝜌 which suggests spatial correlation exists among the omitted 

terms. 

 Columns 5 and 6 report estimates from the SAR model, where column 6 includes both site 

and year-month fixed effects. Relative to SEM, the SAR model provides larger point estimates on 

Expected Revenues and Standard Deviation of Expected Revenue. This is because the indirect 

effects of both Expected Revenues and Standard Deviation of Expected Revenue are estimated to 

be statistically significant (Table A7). That is, fishing activity in a given site is sensitive to changes 
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in revenue patterns in the same site as well as to changes in the adjacent sites. Thus, if there are 

increases in revenues across regions, then one should expect a greater response in fishing activity 

than if there is simply increased revenues limited to the local site. Point estimates of the direct 

effect of Expected Revenues in SAR are similar in magnitude to SEM and FE. No Fishing in the Prior 

Month and 3 Meter Wave experience increases in point estimate magnitudes due to the indirect 

effects. I observe a significant 𝛿𝛿 estimated at 1%, suggesting spatial correlations among 

neighboring dependent variables. For a given site, I interpret this as meaning if there are positive 

trends in fishing activity in neighboring sites, then there is likely to be positive trends in fishing 

activity in the local site (e.g. fishing congestion around hot spots).  

 Estimates from SDM are reported in columns 7 and 8 of Table 4, where column 8 includes 

both site and year-month fixed effects. The point estimates on Expected Revenues are significant 

at 1%. These estimates are similar in magnitude to OLS and SAR with site fixed effects. The spatial 

interaction term, 𝑊𝑊𝑥𝑥, on Expected Revenues is positive and statistically significant for both SDM 

specifications (Table A8). I observe the indirect effect of Expected Revenues exceeds the direct 

effect (columns 2-3 and 6-7 of Table A8). Thus, for a given site, an increase in revenues across the 

nearby sites has a larger estimated influence on fishing activity than strictly local increases in 

revenues. The magnitude of this indirect effect increases once year-month fixed effects are 

accounted for. Point estimates of the direct effect are similar to those obtained from FE, SEM, 

and SAR direct effects. For Standard Deviation of Expected Revenue, the spatial interaction term 

is not significant when only site fixed effects are included. When year-month fixed effects are 

included, the indirect effect is statistically significant and greater in magnitude than the direct 

effect. One possible explanation for the indirect effect exceeding the direct effect is that, for a 

given site, fishing decisions are more sensitive to average regional revenue patterns than to 

spatially and locally confined revenue patterns.22 The point estimate on Distance X Fuel has the 

anticipated sign when site fixed effects are included and the magnitude is qualitatively similar to 

the direct effect of Expected Revenues, though it is not statistically significant. The point 

estimates on No Fishing in the Prior Month, 1.5 Meter Wave, and 3 Meter Wave all have the 

anticipated signs and are statistically significant. Note that specifying year-month fixed effects 

                                                           
22 A parallel interpretation is that there may be some lumpiness in fleet response to changing revenue patterns. 
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generally dampen the point estimate magnitudes. In the case of 1.5 Meter Wave, specifying year-

month fixed effects makes the point estimates not statistically significant.  

The specification of spatial dependence can be tested because SDM can be derived from 

SEM while SDM nests the SAR model (Elhorst, 2010). Chi-squared tests on the spatial 

autoregressive and spatial lag factors produced in both SDM specifications reject the hypothesis 

that SDM can be reduced to SEM or SAR models at 5% or better. Furthermore, these post-

estimation tests provide evidence supporting the presence of indirect effects in revenue 

patterns. SDM with the full set of fixed effects is therefore our preferred specification.  

Robustness Checks 

 Column 1 of Table 5 reports OLS estimates of the model coefficients in the absence of 

imputation techniques to address missing data. The coefficient on Expected Revenues is positive 

and significant at 1%. This point estimate is similar to the direct effect point estimates found with 

SAR and SDM using PMM imputation. The point estimates on Distance X Fuel and 1.5 Meter Wave 

both have the anticipated sign and are statistically significant. The coefficient on No Fishing in 

the Prior Month is positive and significant at 1%. The coefficient on 3 Meter Wave and Standard 

Deviation of Expected Revenue have the anticipated sign but are not statistically significant. 

Column 2 of Table 5 includes site-specific fixed effects. Including the site-level fixed effect makes 

the point estimates on Expected Revenues and Distance X Fuel statistically insignificant. 

Comparing columns 1 and 2 suggest that the variation in the effects of Expected Revenues and 

Distance X Fuel on fishing activity are captured by time-invariant local factors when censored 

data are not accounted for. However, the un-imputed dataset provides a much less rich panel on 

which to draw inferences. In fact, relative to the imputed dataset, the un-imputed dataset 

permits identification of only 30% of the reporting sites.  

 Column 3 of Table 5 reports estimates from a Heckman selection model, which postulates 

that unobserved factors determine selection into the sample (Heckman, 1979). In this model, 

distance from port to site centroid, distance squared, diesel prices, prices of live coral trout, and 

state-wide unemployment rate are the auxiliary variables used to determine whether Days is 

observed or unobserved. The point estimate on Expected Revenues, 0.00419, is close to the 

estimate of 0.00350 obtained from OLS, suggesting only limited sample selection bias in the 
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coefficient estimate. The term 𝜌𝜌 here measures correlation in the residuals of the regression 

equation and selection equation. I observe a negative 𝜌𝜌 coefficient. However, a likelihood ratio 

test of the hypothesis 𝜌𝜌 = 0 fails to reject the null (𝑝𝑝 = 0.19). A Wald test of the regression 

specification suggests goodness of fit. Nonetheless, because it cannot be said that 𝜌𝜌 ≠ 0, then 

use of the Heckman selection equation here is not justified (Table A9). This result, combined with 

earlier evidence qualifying use of the predictive mean matching technique, lends support to 

multiple imputation as the preferred method to address missing data in this application.  

 

Policy Simulation – Spatially Differentiated License Prices 

To simulate outcomes under a spatially differentiated price instrument, I suppose the 

fishery manager is a third-degree spatially discriminating regulator free to set daily license lease 

prices at varying spatial resolutions. This supposition states that the fishery manger observes 

heterogeneity in fleet behavior across spatial units, but not within spatial units.  Because prices 

within each spatial unit are constant, vessels are free to exercise effort within the unit once the 

license is obtained. To formalize the model, suppose the fishery manager faces a distinct 

commercial fishing demand function for each of the spatial units in the GBR. The fishery manager 

thus faces 𝑛𝑛 = 1, … ,𝑁𝑁 different commercial fishing demands. Let the demand function for spatial 

unit 𝑖𝑖 be defined: 

 

𝐸𝐸𝑖𝑖 = 𝐸𝐸�𝑖𝑖 − 𝛽𝛽𝐸𝐸𝐸𝐸𝑂𝑂𝑖𝑖,   𝑖𝑖 = 1, … ,𝑁𝑁  (10) 

 

where 𝐸𝐸𝑖𝑖 is spatial unit 𝑖𝑖′𝑠𝑠 demand for fishing activity (measured as vessel-days),  𝐸𝐸�𝑖𝑖 is the 

long-run expected value23 for fishing vessel-days in spatial unit 𝑖𝑖 in the absence of daily license 

fees (i.e. status quo), 𝛽𝛽𝐸𝐸𝐸𝐸 is the coefficient on Expected Revenues obtained from econometric 

estimation of (4) and (8) with PMM imputation, and 𝑂𝑂𝑖𝑖  is the spatially-specific daily license lease 

price to be charged by the regulator. 

                                                           
23 Formally, the long-run value for monthly vessel-days is evaluated at 120 month mean values for all covariates in 
the econometric model. 
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The status quo management of coral trout is spatially uniform over the GBR Marine Park. 

To benchmark the spatial policy simulation, I first solve for the optimal spatially uniform license 

price across the GBR Marine Park using estimates derived from OLS and SDM direct effects with 

PMM imputation. Under a spatially uniform policy, the regulator faces the following optimization 

program: 

 

max
𝐿𝐿𝑖𝑖≥0

∑ 𝑂𝑂𝑖𝑖 ∗ (𝐸𝐸�𝑖𝑖 − 𝛽𝛽𝐸𝐸𝐸𝐸𝑂𝑂𝑖𝑖)𝑖𝑖   (11) 

𝑠𝑠𝑢𝑢𝑏𝑏𝑗𝑗𝑒𝑒𝑐𝑐𝑡𝑡 𝑡𝑡𝑡𝑡   

𝐸𝐸𝑖𝑖 ≥ 0  (11a) 

𝑂𝑂𝑖𝑖 − 𝑆𝑆𝑅𝑅𝑖𝑖 ≤ 0  (11b) 

𝑂𝑂𝑖𝑖 = 𝑂𝑂𝑖𝑖 ,   ∀𝑖𝑖 ≠ 𝑗𝑗  (11c) 

 

where 𝑆𝑆𝑅𝑅𝑖𝑖 is the long-run expected marginal revenue per vessel-day in site 𝑖𝑖. The constraint in 

(11b) establishes the condition that the license price not exceed the long-run expected marginal 

revenue in site 𝑖𝑖. I use this constraint as a way to maintain consistency when drawing 

comparisons with the spatially uniform status quo policy. That is, I want to avoid solutions where 

one or more spatial units within the GBR are “closed” under the spatially uniform policy. The 

constraint in (11c) represents spatial uniformity over the choice of license lease prices. That is, 

the regulator must set a license price that is equal across all sites, and the license price must be 

set in a way that expected fishing activity based on long-run trends is nonnegative. The objective 

program in (11) - (11c) is solved using Matlab’s fmincon function, which is programmed to solve 

constrained nonlinear variable functions. Note that solutions from (11) are short-run. In the long-

run, the fleet is expected to spatially equilibrate fishing activity through arbitrage according to 

condition (2’) (Sanchirico and Wilen, 1999).  

Columns 1 and 2 of Table 6 presents summary statistics for the set of optimal license lease 

prices solving the objective program. I find optimal spatially uniform license lease prices of 

$64.9/vessel-day using OLS and $55.5/vessel-day using SDM. Note that in order to satisfy (11a) 

and (11b), the regulator must price according to either the lowest long-run fishing effort or the 

lowest expected marginal revenues across the GBR Marine Park. Total effort in the fishery is 
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estimated to range between 11,255 and 11,638 vessel-days under a spatially uniform policy, 

which is consistent with the observed 10-year average (Table 1). Using the highest observed ratio 

of landings/effort from Table 1, the estimated landings under the spatially uniform policy do not 

exceed the current TACC. The estimated total annual value derived from the fishery under the 

uniform policy is $0.73 million using SDM and $0.64 million using OLS. To put these numbers in 

context, I draw estimated annual net values to the fishery from quota lease trading evidence, 

which range from $0.72 million to $3.0 million (Thébaud, et al., 2014). Thus, my estimates for the 

annual value accruing under a spatially uniform price instrument are validated by estimates for 

fishery value under the status quo policy. 

To examine how spatial resolution of the management policy affects fishery outcomes, I 

next focus on four regional divisions of the GBR Marine Park established by the 1981 

Management Plan (Day, 2002). The four regional zones are named Far Northern, Cairns, Central, 

and Mackay. Each zone is delineated in the Management Plan to cover approximately three 

degrees of latitude. Let the regional zones be indexed by 𝑚𝑚 = 1, 2, 3, 4. To maximize the value 

derived from the commercial fishery using a region-specific price instrument, the regulator 

optimally chooses the site-specific license fee using the following program: 

 

max
𝐿𝐿𝑖𝑖𝑖𝑖≥0

∑ ∑ 𝑂𝑂𝑖𝑖𝑖𝑖𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = max
𝐿𝐿𝑖𝑖𝑖𝑖

∑ ∑ 𝑂𝑂𝑖𝑖𝑖𝑖 ∗ (𝐸𝐸�𝑖𝑖𝑖𝑖 − 𝛽𝛽𝐸𝐸𝐸𝐸𝑂𝑂𝑖𝑖𝑖𝑖)𝑖𝑖𝑖𝑖   (12) 

𝑠𝑠𝑢𝑢𝑏𝑏𝑗𝑗𝑒𝑒𝑐𝑐𝑡𝑡 𝑡𝑡𝑡𝑡  

𝐸𝐸𝑖𝑖𝑖𝑖 ≥ 0  (12a) 

𝐸𝐸𝑖𝑖𝑖𝑖(𝑂𝑂𝑖𝑖𝑖𝑖 −𝑆𝑆𝑅𝑅𝑖𝑖𝑖𝑖) ≤ 0  (12b) 

𝑂𝑂𝑖𝑖𝑖𝑖 = 𝑂𝑂𝑖𝑖𝑖𝑖,   ∀𝑖𝑖 ≠ 𝑗𝑗  (12c) 

 

where 𝑆𝑆𝑅𝑅𝑖𝑖𝑖𝑖 is the long-run expected marginal revenue per vessel-day in site 𝑖𝑖 in region 𝑚𝑚. The 

constraints in (12a) and (12c) are interpreted as before, though now the license lease prices for 

all sites located in region 𝑚𝑚 must be equated. The constraint in (12b) can be interpreted as a 

Kuhn Tucker condition on fishing effort. If the marginal revenue of any site 𝑖𝑖 in zone 𝑚𝑚 is 

exceeded by the license lease price charged by the regulator for zone 𝑚𝑚, then zero effort is 

assigned to that site. In effect, this constraint allows for optimal endogenous “closure” of spatial 
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sites too unproductive to remain profitable under spatially differentiated lease pricing. Note that 

the system of closures is determined through the optimal set of spatial lease prices and, in effect, 

represents a second margin along which the regulator can derive value.24 Additionally, because 

fleet behavior is not invariant to fisheries policy (Reimer, 2012), one would not necessarily expect 

the same suite of spatial units to be fished under spatially uniform and differentiated policies. 

The condition in (12b) is therefore used as a way to introduce shifts in spatial fisheries production 

when transitioning from a spatially uniform policy to a spatially differentiated policy.  

Columns 3 and 4 of Table 6 presents summary statistics for the set of optimal zone-

specific license lease prices solving the objective program. Values for the optimal regional license 

prices range from $264 to $1,179 using OLS and $264 to $2,218 using SDM. Total estimated effort 

in the fishery is estimated to be 5,674 vessel-days using OLS and 7,820 vessel-days using SDM. In 

total, 36 sites experience “closure” using OLS while 38 sites experience “closure” using SDM. The 

closed sites represent approximately 5% of gross value and are, on average, 40 km further 

offshore than the sites remaining open. Estimated total annual value derived from the fishery is 

$3.4 million using OLS and $6.7 million using SDM. Transitioning from a spatially uniform policy 

to a policy differentiated by the four regional zones indicates between a four-fold and ten-fold 

increase in value to the fishery.  

The maximum spatial resolution considered here is a policy specific to each 30 nautical 

mile X 30 nautical mile reporting site. With this spatial resolution, the optimization program faced 

by the regulator becomes: 

 

max
𝐿𝐿𝑖𝑖≥0

∑ 𝑂𝑂𝑖𝑖𝐸𝐸𝑖𝑖𝑖𝑖 = max
𝐿𝐿𝑖𝑖

∑ 𝑂𝑂𝑖𝑖𝑖𝑖 ∗ (𝐸𝐸�𝑖𝑖 − 𝛽𝛽𝐸𝐸𝐸𝐸𝑂𝑂𝑖𝑖)𝑖𝑖   (13) 

𝑠𝑠𝑢𝑢𝑏𝑏𝑗𝑗𝑒𝑒𝑐𝑐𝑡𝑡 𝑡𝑡𝑡𝑡  

𝐸𝐸𝑖𝑖 ≥ 0  (13a) 

𝐸𝐸𝑖𝑖(𝑂𝑂𝑖𝑖 − 𝑆𝑆𝑅𝑅𝑖𝑖) ≤ 0  (13b) 

 

where interpretation of the constraints follow from (12a)-(12b).   

                                                           
24 By comparison, creation of marine protected areas is treated as an exogenous occurrence in many economic 
studies (e.g. Costello and Kaffine, 2010). 
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Columns 5 and 6 of Table 6 present summary statistics for the optimal spatial policy where 

the regulator can price discriminate across the 71 reporting sites. Using OLS, license lease prices 

range from $4 to $1,408. Using SDM, license lease prices range from $28 to $2,719. Average 

prices across the 71 reporting sites are $535 using OLS and $895 using SDM. Total fishing effort 

is estimated to be 6,683 vessel-days using OLS and 9,036 vessel-days using SDM. The estimated 

vessel-days derived from SDM is similar to effort reported during the 2012-2014 financial years 

(Table 1). Total annual value to the fishery when managed by 71 site-specific license lease prices 

is estimated to be $5 million using OLS and $13 million using SDM. This represents a value gain 

over the spatially uniform policy between $4 million and $12 million. By comparison, using data 

on the annually averaged composite price of coral trout and landings data, I find the annual gross 

value product from the commercial fishery ranged from $23.2 million in 2011-2012 to $26.8 

million in 2013-2014. My estimates for value accruing to the fishery under a spatial price 

instrument policy which sets distinct license lease prices to all 71 sites in the GBR is bounded 

below by anecdotal measures of net fishery values from quota lease trading under the status quo 

spatially uniform policy and bounded above by estimates for gross value product.  

Spatial Spillovers 

The objective program of the regulator is more nuanced in the case where fishing activity 

in site 𝑖𝑖 is predicated on the expected revenues from fishing in site 𝑖𝑖 as well as average measures 

of revenues expectations in other sites 𝑗𝑗 ≠ 𝑖𝑖. This formulation follows from LeSage and Pace 

(2009), who propose using scalar summary measures of the average indirect effect that changes 

in control variable 𝑘𝑘 in site 𝑗𝑗 ≠ 𝑖𝑖 has on responses in site 𝑖𝑖. Here, the regulator must set a portfolio 

of license lease prices which both maximizes returns from the fishery as well as accounts for the 

economic linkages formed by spillover of the space-based policy instrument. The demand 

function for site 𝑖𝑖 with spatial spillover in behavioral response to lease prices is now: 

 

𝐸𝐸𝑖𝑖 = 𝐸𝐸�𝑖𝑖 − 𝛽𝛽𝐸𝐸𝐸𝐸𝑖𝑖𝑂𝑂𝑖𝑖 − �̅�𝛽𝐸𝐸𝐸𝐸𝑖𝑖𝑂𝑂�𝑖𝑖 ,   𝑖𝑖 = 1, … ,71  (14) 
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where 𝛽𝛽𝐸𝐸𝐸𝐸𝑖𝑖  is the direct effect of a change in expected revenues in site 𝑖𝑖, �̅�𝛽𝐸𝐸𝐸𝐸𝑖𝑖 is the 

averaged indirect effect of a change in revenues in sites 𝑗𝑗 ≠ 𝑖𝑖 on site 𝑖𝑖, and 𝑂𝑂�𝑖𝑖 is the average 

license lease price in sites 𝑗𝑗 ≠ 𝑖𝑖. 

When charging license prices specific to the four zoning regions in the Marine Park with 

consideration of the external effects of the spatially explicit price instruments, the regulator faces 

the following program:  

 

max
𝐿𝐿𝑖𝑖𝑖𝑖≥0

∑ ∑ 𝑂𝑂𝑖𝑖𝑖𝑖𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = max
𝐿𝐿𝑖𝑖𝑖𝑖

∑ ∑ 𝑂𝑂𝑖𝑖𝑖𝑖 ∗ �𝐸𝐸�𝑖𝑖𝑖𝑖 − 𝛽𝛽𝐸𝐸𝐸𝐸𝑖𝑖𝑖𝑖𝑂𝑂𝑖𝑖𝑖𝑖 − �̅�𝛽𝐸𝐸𝐸𝐸𝑖𝑖𝑂𝑂�𝑖𝑖�𝑖𝑖𝑖𝑖   (15) 

𝑠𝑠𝑢𝑢𝑏𝑏𝑗𝑗𝑒𝑒𝑐𝑐𝑡𝑡 𝑡𝑡𝑡𝑡  

𝐸𝐸𝑖𝑖𝑖𝑖 ≥ 0  (15a) 

𝐸𝐸𝑖𝑖𝑖𝑖(𝑂𝑂𝑖𝑖𝑖𝑖 −𝑆𝑆𝑅𝑅𝑖𝑖𝑖𝑖) ≤ 0  (15b) 

𝐸𝐸𝑖𝑖𝑖𝑖 ��̅�𝛽𝐸𝐸𝐸𝐸𝑖𝑖𝑂𝑂�𝑖𝑖 − 𝐸𝐸�𝑖𝑖𝑖𝑖� ≤ 0  (15c) 

𝑂𝑂𝑖𝑖𝑖𝑖 = 𝑂𝑂𝑖𝑖𝑖𝑖,   ∀𝑖𝑖 ≠ 𝑗𝑗  (15d) 

 

As before, the condition in (15b) establishes a constraint that says if the license price exceeds the 

long-run expected marginal revenue in site 𝑖𝑖, then zero effort is assigned to that site. In addition, 

(15c) states that if the average indirect effect on site 𝑖𝑖 exceeds the long-run baseline value for 

vessel-days in site 𝑖𝑖, then zero effort is assigned to that site. This constraint introduces a second 

margin of potential shifts in spatial fisheries production when transitioning from a spatially 

uniform policy to a spatially differentiated policy. Because license lease prices from productive 

sites may spillover to neighboring unproductive sites, the conditions in (15b) place an upper 

bound on the returns that can be extracted from productive sites through lease pricing while also 

excluding (i.e. “closing”) the most unproductive sites from lease pricing. Some sites in the GBR 

have only marginally positive production (Table 1), so even modest license lease charges across 

the system can eliminate fishing effort in these sites through spillover effects. In total, 33 sites 

are “closed” under a policy which sets license prices specific to the four zoning regions with 

spatial spillover. These eight sites represent approximately 6% of gross revenues and are, on 

average, about 80 km further offshore than the sites remaining open.  
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Column 7 of Table 6 presents summary statistics for the optimal policy when the regulator 

can discriminate across the four zoning regions in the presence of spatial spillovers. The suite of 

license lease prices decrease relative to the policy estimated using OLS and SDM without spatial 

spillovers. The minimum and maximum license prices are $0 and $1,106, respectively. The 

average license price is $397, which is approximately half of the average price found without 

spatial spillovers. Total effort in the fishery contracts as a result of the indirect effects of the 

license lease policy. Approximately 900 fewer vessel-days are predicted relative to SDM with only 

direct effects. Value in the fishery decreases relative to the estimates derived without spatial 

spillovers. Compared to SDM with only direct effects, total fishery value is decreased by half.  

Lastly, I solve for the case where the regulator is free to set license lease prices specific to 

each of the 71 reporting sites in the presence of spatial spillovers. Specifically, the regulator now 

faces the following program:  

 

max
𝐿𝐿𝑖𝑖≥0

∑ 𝑂𝑂𝑖𝑖𝐸𝐸𝑖𝑖𝑖𝑖 = max
𝐿𝐿𝑖𝑖

∑ 𝑂𝑂𝑖𝑖 ∗ �𝐸𝐸�𝑖𝑖 − 𝛽𝛽𝐸𝐸𝐸𝐸𝑖𝑖𝑂𝑂𝑖𝑖 − �̅�𝛽𝐸𝐸𝐸𝐸𝑖𝑖𝑂𝑂�𝑖𝑖�𝑖𝑖   (16) 

𝑠𝑠𝑢𝑢𝑏𝑏𝑗𝑗𝑒𝑒𝑐𝑐𝑡𝑡 𝑡𝑡𝑡𝑡  

𝐸𝐸𝑖𝑖 ≥ 0  (16a) 

𝐸𝐸𝑖𝑖(𝑂𝑂𝑖𝑖 − 𝑆𝑆𝑅𝑅𝑖𝑖) ≤ 0  (16b) 

𝐸𝐸𝑖𝑖 ��̅�𝛽𝐸𝐸𝐸𝐸𝑖𝑖𝑂𝑂�𝑖𝑖 − 𝐸𝐸�𝑖𝑖� ≤ 0  (16c) 

 

where interpretation of the constraints in (16a)-(16c) extend from (15a)-(15c). In total, 17 sites 

are estimated to “close” under this spatial license lease pricing policy as a result of spatial 

spillover of lease prices. On average, these 17 sites are 60 km further offshore than the sites 

remaining open and represent less than 0.3% of gross value to the fishery. Estimates obtained 

from SDM with indirect effects included are similar to those obtained via OLS. Under this system, 

license prices range from $0 to $2,195, with an average of about $302. The estimated total annual 

value to the fishery with spatial linkages derived from license lease pricing is $5.5 million (Table 

6 column 8). Hence, with the restrictions established by economic linkages through spillover of 

the policy instrument, the added value of the spatially differentiated policy is substantially 

decreased. Total fishing effort under this system is estimated to be 7,041 vessel-days. The 
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anticipated landings are approximately 634 metric tons, which is in line with landings reported 

after 2010 (Table 1).  

 

Discussion 

In spite of widespread support in literature for spatially differentiated policies in 

managing natural resources (Sanchirico and Wilen, 2007 and references therein), practical 

design, evaluation, and implementation of spatial management remains a challenge. In some 

cases, support for spatially differentiated policies is predicated on assumptions that resource 

managers can vary prices or quantities over very short distances to achieve gains. However, in an 

imperfect world in which it is costly to implement spatially differentiated policies, there is need 

to balance the appropriate size of the market (number of spatial license prices, quota regions) 

against the biophysical scale of the system (Sampson, et al., 2015, Sanchirico and Wilen, 2005).  

Availability of electronic monitoring and enforcement of fishing vessels through GIS 

provide policymakers with increasingly fine spatial resolution data (Wilen, 2004). For the most 

part, however, the availability of spatially explicit micro-level data is still limited due to 

confidentiality concerns. Industry-level data is more widely available to the public than micro-

level data and can, in some circumstances, outperform micro-level data (Smith, 2002). At the 

same time, censorship of fleet-level data to ensure confidentiality places limitations on any 

inferences that such data can reveal. Methods which impute for missing values are common in 

social science and medical survey work (e.g. Brick and Kalton, 1996, Little and Rubin, 1989), yet 

are rarely applied to fishery economic data (Lew, et al., 2015). Imputation techniques for missing 

or censored data are especially important to analyses exploiting spatial panel data, as a general 

approach to estimating unbalanced spatial panels is not yet available (Elhorst, 2014). However, 

imputation in cases where value of the missing variable determines missingness is complicated 

by sample selection bias (Allison, 2000). When available, utilization of temporally or spatially 

aggregated data can assist in substantiation of the imputed dataset. A key empirical contribution 

of this paper is the demonstration of missing data imputation techniques in the specification of 

a fisheries panel model with spatial dependence.  
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The econometric model developed here estimates the spatial distribution of fishing 

location choice in the GBR Marine Park commercial coral trout fishery in order to identify how 

the fleet responds to differential revenue patterns across space. I find evidence of spatial 

dependence in behavior of the fishing fleet. Using the preferred specification, I find an elasticity 

of fishing effort with respect to expected revenues of approximately 1.4 when evaluated at the 

means of all variables. This estimate is close to recent effort-revenue elasticity estimates from 

other spatially complex marine park fisheries (Bucaram, et al., 2013). Of this total elasticity, 

approximately 80% can be attributed to revenue trends outside the local site. This finding raises 

questions concerning the distributional impacts to harvesting incentives in systems managed by 

spatially differentiated resource policy.  

Estimates from the spatial panel model are used to simulate management policy in the 

GBR Marine Park fishery. A management policy that is uniform across all 71 of the 30 nautical 

mile X 30 nautical mile reporting sites in the GBR Marine Park is estimated to result in an annual 

value to the fishery of $0.73 million, which is close to estimates derived from quota leasing 

activity (Thébaud, et al., 2014). Gains to spatially differentiated management are shown to 

increase with spatial resolution of the policy instrument. Under stylistic assumptions of local 

containment of the spatial policy, it is shown that transitioning from the spatially uniform policy 

to a spatially differentiated policy increases value to the fishery by as much as $12 million. Yet, 

because spatial connectivity of the regulated environment occurs through management policies 

as well as economic and biological conditions (Costello and Polasky, 2008, Sanchirico and Wilen, 

2001, Smith and Wilen, 2003), accounting for how behavioral responses to spatially 

differentiated policies unfold across space is critical in the evaluation of gains accruing to spatial 

management. Accounting for these spillover effects results in more modest, yet still meaningful, 

estimations of the gains to the fishery in transitioning toward a spatially differentiated policy ($5 

million).   

To my knowledge, the approach developed here is among the first to account for 

censored data and spatial dependence in a fishery panel dataset simultaneously. Additionally, 

the policy simulation is among the first to draw from empirically estimated spatial behaviors 

which account for potential spatial spillover of the policy instrument. Nonetheless, some 
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limitations are worth mentioning. First, my estimation does not directly capture spatial biological 

processes. Second, the policy simulations are short-run, as they do not account for arbitraging 

behavior which one would expect to unfold over longer time scales. These are limitations I plan 

to address in future work by integrating a spatial biological model calibrated to the GBR Marine 

Park coral trout fishery with the spatial patterns of exploitation developed herein.  
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Tables 

Table 1. Annual summary of active licenses, days fished, and landings.  

Year Licenses Days Weight (kg) 
2004-2005 193 12,907 964,960 
2005-2006 182 12,217 1,021,243 
2006-2007 177 11,970 991,607 
2007-2008 182 11,914 1,069,113 
2008-2009 184 12,223 1,101,911 
2009-2010 196 12,315 938,042 
2010-2011 178 10,868 798,559 
2011-2012 166 10,199 723,105 
2012-2013 175 9,682 749,239 
2013-2014 177 9,884 837,808 

 

Table 2. Summary month-level statistics for observable data only. Weight is in kg. Revenue is presented as per unit effort. 

Year 
Min 
Days 

Max 
Days 

Mean 
Days 

Min 
Lic 

Max 
Lic 

Mean 
Lic Min kg Max kg Mean kg 

Min 
Rev 

Max 
Rev 

Mean 
Rev 

2004-2005 5 139 34 5 24 9 74 12,733 2,590 127 4,927 1,976 
2005-2006 6 126 33 5 21 9 255 10,672 2,744 449 5,883 2,353 
2006-2007 6 115 32 5 22 9 33 8,974 2,643 123 6,305 2,315 
2007-2008 5 139 31 5 20 9 82 10,714 2,761 257 6,801 2,520 
2008-2009 5 196 31 5 23 8 91 28,780 2,705 214 8,620 2,641 
2009-2010 5 176 31 5 28 8 108 14,670 2,360 159 5,997 2,328 
2010-2011 5 88 28 5 17 8 33 7,988 2,041 95 5,937 2,321 
2011-2012 5 84 27 5 16 7 63 7,878 1,889 238 6,818 2,350 
2012-2013 5 74 24 5 15 7 83 6,460 1,827 253 6,777 2,329 
2013-2014 5 90 26 5 21 7 141 8,134 2,123 270 7,379 2,845 
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Table 3. Summary month-level statistics with PMM Imputed data. Weight is in kg. Revenue is presented as per unit effort. 

Year 
Min 
Days 

Max 
Days 

Mean 
Days 

Min 
Lic 

Max 
Lic 

Mean 
Lic 

Min 
kg 

Max 
kg 

Mean 
kg 

Min 
Rev 

Max 
Rev 

Mean 
Rev 

2004-2005 0 139 16 0 24 9 0 12,733 955 0 4,927 743 
2005-2006 0 126 15 0 21 9 0 10,672 975 0 5,883 848 
2006-2007 0 115 15 0 22 9 0 8,974 942 0 6,305 838 
2007-2008 0 139 15 0 20 9 0 10,714 1,010 0 6,801 935 
2008-2009 0 196 15 0 23 8 0 28,780 1,031 0 8,620 1,020 
2009-2010 0 176 15 0 28 8 0 14,670 908 0 5,997 910 
2010-2011 0 88 14 0 17 8 0 7,988 728 0 5,937 844 
2011-2012 0 84 13 0 16 7 0 7,878 644 0 6,815 817 
2012-2013 0 74 12 0 15 7 0 6,460 663 0 6,777 929 
2013-2014 0 90 12 0 21 7 0 8,134 745 0 7,379 1,011 
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Table 4. Results for specifications using PMM imputation 

  OLS  FE  SEM  SAR  SDM 
Total Effects b/se  b/se  b/se b/se  b/se b/se  b/se b/se 
Expected Revenues 0.0114***  0.00480***  0.00408*** 0.00440***  0.00996*** 0.00690***  0.0148*** 0.0210*** 

(2.04e-4)  (2.89e-4)  (2.99e-4) (2.95e-4)  (0.00308) (0.00141)  (0.00526) (0.00485) 
Standard Deviation of 
Expected Revenues 

-0.00635*** -0.00422*** -0.00409*** -0.00411*** -0.00949*** -0.00635***  -0.00739* -0.0127*** 
(2.74e-4)  (2.94e-4)  (2.95e-4) (2.93e-4)  (0.00300) (0.00138)  (0.00378) (0.00382) 

Distance X Fuel -0.00569*** -0.0100**  -8.53e-4 0.0124  -0.00414 0.0163  -0.00480 0.0112 
(3.97e-4)  (0.00388)  (0.00478) (0.00913)  (0.00768) (0.0137)  (0.00782) (0.0114) 

No Fishing in Prior 
Month 

-3.58***  -1.92***  -2.20*** -2.25***  -4.81*** -3.38***  -4.78*** -3.09*** 
(0.269)  (0.559)  (0.330) (0.331)  (1.61) (1.06)  (1.49) (0.898) 

No Fishing in Prior Year -4.70***  0.253  0.491 0.425  0.619 0.473  0.504 0.431 
(0.244)  (0.620)  (0.574) (0.572)  (1.62) (1.14)  (1.62) (1.00) 

1.5 Meter Wave  -0.747***  -0.400***  -0.0696 0.0864  -0.308* 0.106  -0.363** 0.0454 
(0.0455)  (0.0781)  (0.0704) (0.0695)  (0.177) (0.214)  (0.167) (0.184) 

3 Meter Wave -2.08*  -1.93*  -2.80* -3.04**  -4.32 -4.42**  -5.31** -4.73** 
(1.23)  (1.08)  (1.59) (1.45)  (2.65) (2.17)  (2.69) (1.98) 

Constant 13.0***  16.7***          
(0.317)  (0.897)          

Spatial delta        0.580*** 0.342***  0.564*** 0.269*** 
       (0.0247) (0.0373)  (0.0571) (0.0723) 

Spatial rho     0.604*** 0.315***       
    (0.0251) (0.0394)       

Year-Month FE No  No  No Yes  No Yes  No Yes 
Site FE No  Yes  Yes Yes  Yes Yes  Yes Yes 
Months 108  108  108 108  108 108  108 108 
Sites 71  71  71 71  71 71  71 71 
Obs 7,668  7,668  7,668 7,668  7,668 7,668  7,668 7,668 
r2 0.43  0.33  0.34 0.13  0.34 0.14  0.27 0.13 
Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 
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Table 5. Results for specifications using no imputation. 

  OLS  FE  Heckman 
Main Effects b/se  b/se  b/se 
Expected Revenues 0.00350***  -0.000122  0.00419*** 

(0.00129)  (0.00109)  (0.00137) 
Standard Deviation of Expected 
Revenues 

-0.00349  -0.000770  -0.000128 
(0.00251)  (0.00424)  (0.00289) 

Distance X Fuel -0.0686***  -0.0137  -0.0944*** 
(0.00918)  (0.0136)  (0.00932) 

No Fishing in Prior Month 23.70***  
omitted 

 
omitted (8.111)   

No Fishing in Prior Year 
omitted 

 
omitted 

 
omitted   

1.5 Meter Wave  -1.13***  -0.588**  -1.44*** 
(0.213)  (0.223)  (0.301) 

3 Meter Wave -2.26  -2.66  -6.03 
-4.32  -5.01  (5.50) 

Constant 54.4***  41.4***  52.9*** 
-2.47  -5.09  (2.74) 

rho     -0.311 
     (0.143) 
Prob > Chi2     0.190 
Sites   22   
Obs 861  861  812 
r2 0.43  0.36   
Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1   
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Table 6. Summary statistics for optimal spatial license lease pricing. 

 N=1  N=4  N=71   N=4* N=71* 
Measure OLS SDM  OLS SDM  OLS SDM  SDM SDM 
Annual value to fishery  $730,031 $640,157  $3,412,768 $6,657,930  $4,946,623 $12,937,344  $3,105,988 $5,497,450 
Minimum license price $64.9 $55.5  $264.4 $264.4  $3.6 $27.7  $0.0 $0.0 
Maximum license price $64.9 $55.5  $1,179.1 $2,217.7  $1,408.2 $2,718.6  $1,106.4 $2,194.6 
Average license price $64.9 $55.5  $772.6 $1,178.8  $534.9 $894.5  $396.5 $302.0 
Median license price $64.9 $55.5  $904.0 $983.6  $424.8 $605.1  $116.6 $130.5 
Standard deviation N/A N/A  $380.2 $828.5  $445.6 $847.5  $461.9 $394.8 
Annual vessel-days 11,255 11,638  5,674 7,820  6,683 9,036  6,114 7,041 
Estimated catch (tons) 1,013 1,047  511 704  601 813  550 634 
"Closures" 3 0  36 38  3 0  33 17 
*Sites with spatial linkages through lease pricing       
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Figures 

A. 

 

B. 

 

Fig. 1. Three patch metapopulation with source-receptor networks. The arrows represent the 
linkages across patches.  
Panel A: The upper percentages represent the deviation from the mean growth rate. The lower 
percentages represent the deviation from the mean carrying capacity. For example, the growth 
rate in patch 1 is 7% greater than the average of 0.7 and the carrying capacity is 9% less than 
the average of 1. 
Panel B: Relative difference in license lease price (P), effort (E), and biomass (B) between 
spatially differentiated and uniform policies. The curved arrows represent the relative gain in 
biomass from spillovers. 
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Fig. 2. Sum of annual fishing effort across 30 minute reporting grids within the Great Barrier 
Reef Marine Park. Fishing effort is summed over 2004-2014.  

 

 
Figure 3. Commercial landings over time for coral trout. The TACC (beginning in 2004) are 

denoted by the dashed horizontal line.   
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Fig. 4. Predicted distribution of biomass in the absence of exploitation for each reef in the Great 
Barrier Reef Marine Park. Biomass are depicted in kilograms per square kilometer. (Source: 
Michael Bode). 
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Fig. 5. Actual daily revenues and expected daily revenues for representative sites in the 
northern and southern GBR. 

 

 

Fig. 6. Observed annual vessel-days and sum of monthly imputed values using the PMM 
imputation method (dash-dot).   
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Fig. 7. Observe annual landings and sum of monthly imputed values using the PMM imputation 
method (dash-dot).  
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Fig. 8. Spatial weighting matrix used in spatial interactions estimation. Darker shades represent 
larger spatial influence.  

 

 

 

 

 

 

 

 

 



47 
 

Appendix 1 

Table A1. Total vessel-days and catch for the 71 reporting sites in the GBR between the 2004-
2005 and 2013-2014 financial years. Distance is measured from the nearest port to the 
reporting site centroid.   

Site Total Vessel-Days Total Weight (kg) Port Distance (km) 
C4 38 8,260 'Cairns' 700 
C5 123 20,122 'Cairns' 685 
C6 61 7,919 'Cairns' 634 
C7 497 68,743 'Cairns' 585 
D10 947 110,704 'Cairns' 413 
D4 14 1,609 'Cairns' 718 
D7 1,788 271,360 'Cairns' 562 
D8 1,458 196,881 'Cairns' 511 
D9 1,849 238,449 'Cairns' 461 
E10 668 64,828 'Cairns' 388 
E11 22 1,044 'Cairns' 338 
F11 549 41,039 'Cairns' 316 
G11 1,687 151,510 'Cairns' 301 
G12 610 37,284 'Cairns' 247 
G13 164 7,347 'Cairns' 194 
G14 189 10,464 'Cairns' 142 
H12 1,840 168,081 'Cairns' 241 
H13 2,834 208,057 'Cairns' 185 
H14 3,736 252,713 'Cairns' 130 
H15 4,886 224,656 'Cairns' 75 
H16 80 1,839 'Cairns' 20 
I16 1,264 47,471 'Cairns' 54 
I17 3,277 156,239 'Innisfail' 38 
I18 1,295 52,138 'Innisfail' 34 
I19 36 861 'Innisfail' 84 
J17 466 21,366 'Innisfail' 82 
J18 3,391 165,245 'Innisfail' 80 
J19 4,917 232,759 'Innisfail' 111 
J20 23 799 'Townsville' 56 
K19 637 35,368 'Townsville' 120 
K20 1,411 86,012 'Townsville' 72 
L20 2,532 191,870 'Ayr' 107 
L21 419 26,901 'Ayr' 58 
M20 606 50,276 'Ayr' 134 
M21 8,272 697,982 'Bowen' 85 
M22 7 274 'Bowen' 30 
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N21 4,066 297,969 'Bowen' 101 
N22 436 27,477 'Bowen' 62 
O21 2,773 249,114 'Bowen' 136 
O22 5,187 377,573 'Bowen' 110 
P22 3,207 304,561 'Bowen' 162 
P23 449 35,987 'Mackay' 115 
P24 81 5,391 'Mackay' 73 
Q22 1,367 154,228 'Mackay' 190 
Q23 2,422 236,472 'Mackay' 148 
Q24 2,783 230,772 'Mackay' 119 
Q25 751 59,581 'Mackay' 111 
R23 3,164 314,514 'Mackay' 191 
R24 3,851 386,546 'Mackay' 168 
R25 3,189 301,976 'Mackay' 163 
S24 1,294 138,301 'Mackay' 219 
S25 3,650 371,305 'Mackay' 215 
S26 10 237 'Rockhampton' 196 
S27 20 255 'Rockhampton' 146 
T24 35 4,777 'Mackay' 271 
T25 3,636 368,703 'Mackay' 267 
T26 3,506 284,629 'Rockhampton' 221 
T28 162 1,806 'Gladstone' 132 
T29 1,111 15,891 'Gladstone' 83 
T30 65 688 'Gladstone' 51 
U25 1,920 202,644 'Rockhampton' 296 
U26 3,882 373,792 'Rockhampton' 254 
U27 1,084 88,479 'Gladstone' 204 
U29 402 5,665 'Gladstone' 121 
U30 930 14,885 'Gladstone' 101 
U31 186 1,698 'Bundaberg' 67 
V25 500 49,659 'Gladstone' 327 
V26 1,325 112,259 'Gladstone' 279 
V27 1,973 155,930 'Gladstone' 234 
V30 13 389 'Bundaberg' 129 
V31 88 1,466 'Bundaberg' 78 
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Table A2. Summary statistics of auxiliary data. Diesel prices are measured in cents per liter. 
Unemployment rate is the percentage of working age (15-64) individuals.  

Year Min Diesel Max Diesel Mean Diesel Min Unemp Max Unemp Mean Unemp 
2004-2005 105.0 123.6 114.5 4.4 5.5 4.9 
2005-2006 125.3 147.9 135.4 4.5 5.0 4.8 
2006-2007 115.9 143.4 126.8 3.4 4.5 4.0 
2007-2008 123.7 178.6 143.1 3.5 3.8 3.7 
2008-2009 115.4 180.0 136.0 3.3 5.6 4.3 
2009-2010 118.1 132.9 124.8 5.3 6.2 5.6 
2010-2011 127.6 155.8 138.7 5.2 5.8 5.4 
2011-2012 143.6 154.4 149.5 5.2 6.1 5.5 
2012-2013 142.5 154.5 148.9 5.6 6.3 5.9 
2013-2014 156.7 165.6 160.9 5.6 6.3 6.0 

 

Table A3. Days with mean significant wave height exceeding 1.5 m for four wave monitoring 
stations closest to the nine major fishing ports.  

 Month Count 

Days with wave height exceeding 1.5 m Cairns Emu Park Mackay Townsville 
0 130 38 33 100 
1 2 27 14 20 
2 0 17 19 6 
3 0 11 10 5 
4 0 10 16 1 
5 0 4 5 0 
6 0 6 11 0 
7 0 7 4 0 
8 0 3 5 0 
9 0 1 1 0 

10 0 2 4 0 
11 0 2 1 0 
12 0 2 4 0 
13 0 0 2 0 
17 0 1 1 0 
20 0 0 1 0 
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Table A4. Days with mean significant wave height exceeding 3 m for four wave monitoring 
stations closest to the nine major fishing ports.  

 Month Count 

Days with wave height exceeding 3 m Cairns Emu Park Mackay Townsville 
0 132 130 129 131 
1 0 1 2 1 
2 0 0 1 0 
3 0 0 0 0 
4 0 0 0 0 

 

 

Table A5. Tropical cyclone activity off the coast of Queensland.  

Category Name Dates 
Severe Tropical Cyclone Ingrid March 4-16, 2005 
Tropical Cyclone Kerry January 8-17, 2006 
Severe Tropical Cyclone Jim January 27 - February 1, 2006 
Severe Tropical Cyclone Larry March 17-20, 2006 
Severe Tropical Cyclone Wati March 19-26, 2006 
Severe Tropical Cyclone Monica April 17-25, 2006 
Tropical Cyclone Ellie February 1, 2009 
Severe Tropical Cyclone Hamish March 5-12, 2009 
Tropical Cyclone Olga January 19-30, 2010 
Severe Tropical Cyclone Ului March 12-21, 2010 
Severe Tropical Cyclone Zelia January 14-18, 2011 
Tropical Cyclone Anthony January 23-31, 2011 
Severe Tropical Cyclone Yasi January 30 - February 3, 2011 
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Table A6. Results for model predicting vessel-days from auxiliary dataset using only the 
observable data.  

VARIABLES Days 
Distance -0.0690*** 

 (0.0103) 
Distance squared 4.86e-5** 

 (2.04e-5) 
Unemployment 0.413 

 (0.621) 
Cyclone -0.925 

 (1.06) 
Diesel price -0.0475* 

 (0.0286) 
Coral trout live price 0.0195 

 (0.0581) 
2010-2011 -3.58** 

 (1.30) 
2011-2012 -3.43** 

 (1.57) 
2012-2013 -6.90*** 

 (1.71) 
2013-2014 -6.02*** 

 (1.96) 
Constant 45.7*** 

 (6.09) 
R-squared 0.08 
Standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 
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Table A7. Main, direct, indirect, and total effects for the SAR model with PMM imputation.  

 SAR  SAR 
 Direct Indirect Total  Direct Indirect Total 

Expected Revenues 0.00429*** 0.00567** 0.00996*** 0.00454*** 0.00236*** 0.00690*** 
(9.57e-4) (0.00226) (0.00308)  (9.72e-4) (6.90e-4) (0.00141) 

Standard Deviation of Expected Revenues -0.00407*** -0.00542** -0.00949*** -0.00416*** -0.00218*** -0.00635*** 
(8.91e-4) (0.00222) (0.00300)  (8.96e-4) (7.02e-4) (0.00138) 

Distance X Fuel -0.00176 -0.00238 -0.00414  0.0110 0.00534 0.0163 
(0.00329) (0.00446) (0.00768)  (0.00928) (0.00465) (0.0137) 

No Fishing in Prior Month -2.09*** -2.72** -4.81***  -2.19*** -1.19** -3.38*** 
(0.607) (1.09) (1.61)  (0.591) (0.530) (1.06) 

No Fishing in Prior Year 0.270 0.349 0.619  0.311 0.162 0.473 
(0.697) (0.929) (1.62)  (0.723) (0.421) (1.14) 

1.5 Meter Wave  -0.136* -0.171 -0.308*  0.0674 0.0386 0.106 
(0.0776) (0.105) (0.177)  (0.140) (0.0766) (0.214) 

3 Meter Wave -1.87* -2.45 -4.32  -2.94* -1.48** -4.42** 
(1.09) (1.63) (2.65)  (1.52) (0.734) (2.17) 

Month FE No  Yes 
Site FE Yes  Yes 
Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 
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Table A8. Main, direct, indirect, and total effects for the SDM model with PMM imputation.  

 SDM  SDM 
 Wx Direct Indirect Total  Wx Direct Indirect Total 

Expected Revenues 0.00269* 0.00387*** 0.0109** 0.0148*** 0.0119*** 0.00364*** 0.0174*** 0.0210*** 
(0.00148) (8.91e-4) (0.00478) (0.00526)  (0.00321) (8.09e-4) (0.00445) (0.00485) 

Standard Deviation of 
Expected Revenues 

0.00108 -0.00431*** -0.00308 -0.00739*  -0.00502** -0.00446*** -0.00828*** -0.0127*** 
(0.00157) (8.97e-4) (0.00333) (0.00378)  (0.00233) (8.68e-4) (0.00321) (0.00382) 

Distance X Fuel  -0.00207 -0.00273 -0.00480   0.00845 0.00271 0.0112 
 (0.00339) (0.00451) (0.00782)   (0.00871) (0.00307) (0.0114) 

No Fishing in Prior Month  -2.10*** -2.69*** -4.78***   -2.24*** -0.845** -3.09*** 
 (0.601) (0.971) (1.49)   (0.578) (0.405) (0.898) 

No Fishing in Prior Year  0.221 0.283 0.504   0.320 0.111 0.431 
 (0.705) (0.923) (1.62)   (0.716) (0.302) (1.00) 

1.5 Meter Wave   -0.161** -0.202** -0.363**   0.0317 0.0137 0.0454 
 (0.0741) (0.0991) (0.167)   (0.132) (0.0544) (0.184) 

3 Meter Wave  -2.30** -3.01* -5.31**   -3.51** -1.22** -4.73** 
 (1.09) (1.67) (2.69)   (1.56) (0.599) (1.98) 

Month FE No  Yes 
Site FE Yes  Yes 
Robust standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 
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Table A9. Summary of results for Heckman selection model. 

Days Coefficient Std. Err. 
Expected Revenues 0.00419*** (0.00137) 
Standard Deviation of Expected Revenues -0.000128 (0.00289) 
Distance X Fuel -0.0944*** (0.00932) 
1.5 Meter Wave -1.44*** (0.301) 
3 Meter Wave -6.03 (5.50) 
Constant 52.9*** (2.74) 
Selection Model  
Distance -0.0075827 (0.0131303) 
Distance Squared -0.0000089 (0.0000096) 
Diesel Price -0.0180739 (0.0140878) 
Live Coral Trout Price -0.0217* (0.0132) 
Unemployment -0.119 (0.0879) 
Expected Revenues 0.000634*** (0.000118) 
Standard Deviation of Expected Revenues -0.0004612 (0.0002852) 
Distance X Fuel 0.0082357 (0.0085049) 
1.5 Meter Wave -0.0904*** (0.0235) 
3 Meter Wave 7.8735767 (6.8660343e+08) 
Constant 4.5049580** (2.1824529) 
rho -0.311 (0.143) 
Prob > Chi2 0.190  
*** p<0.01, ** p<0.05, * p<0.1 



55 
 

 

Fig. A1. Estimated monthly variation in coral trout prices for live, fillet, and whole product. 
Prices are for 2014.  

 

0

10

20

30

40

50

60
AU

D/
kg

Live

Fillet

Whole



56 
 

 

Fig. A2. No take zones within the Great Barrier Reef Marine Park. Marine National Parks are 
shown as heat density. Buffer zones, scientific research areas, and preservation zones are each 
shown as a point.  
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Fig. A3. Distance to 30 minute reporting grids from the nearest fishing port in kilometers.  

 

 

 


