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Abstract: In marine resource management, spatial policy instruments, including Marine Protected Areas, are
becoming increasingly important. The economic motivation for spatially explicit policy is that renewable
resources generate, in addition to the conventionally-recognized incentives to over-harvest in the face of insecure
property rights, spatial externalities that distort the spatial distribution of effort away from the social optimum.
Accurate predictions about responses to and the efficacy of spatial policies requires understanding spatial
behavior of renewable resource users. A heterogeneous population of harvesters and the possibility that  current
location choices depend on past choices, i.e. state dependence, significantly confound the prediction problem.
We use a rich data set of commercial sea urchin logbooks to estimate a discrete choice model of fishing location
choice with state dependence. The model predicts spatial choices as a function of economic variables,
particularly expected rents, and includes a state dependent formulation that explicitly incorporates each decision
maker’s past experience. We discuss the results and offer further thoughts about the implication of econometric
models of individual spatial choice for policy modeling.
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1. Introduction

Over the past several years, both terrestrial and marine renewable resource management has tilted towards a
view that explicitly accounts for the spatial distribution of resources and spatial processes that affect this
distribution. In the marine policy arena, scientists and managers are beginning to think about using permanent
and rotating closures of areas within species’ ranges as a means of influencing the spatial distribution of fishing
mortality over whole systems. This evolving interest in spatial instruments has manifested itself recently in a call
by conservation biologists and marine ecologists for networks of closed areas in marine coastal ecosystems
around the world. Such networks would certainly preserve examples of unique coastal habitat for posterity, but it
is also argued that they would enhance fisheries production in the remaining open areas.

Using models with varying degrees of spatial specificity, biologists have conducted most analyses of the
potential for spatial instruments to enhance fisheries production. For example, some biological models depict
populations as meta-populations, or discrete patches of individual sub-populations linked to the whole system by
oceanographic and other spatial forces. With these biological meta-population models, it is possible to simulate
the first-round impacts of closures in one or more areas, simply by setting fishing mortality to zero in certain
patches in an exploited system model. For the most part, however, the bulk of the biological modeling devoted to
predicting the implications of spatial policies ignores the fact that that there will be second- and subsequent-
round effects as harvesters in a spatial system respond to any policies that change the spatial distribution of
economic opportunities. For example, a critical question that has not been satisfactorily addressed in any of the
biological literature on spatial polices is:  where will harvesters who are excluded from areas go after closures,
and how will this redistribution affect the remainder of the system?

The discussion of the potential impacts of spatially explicit policies in terrestrial and marine management of
renewable resources needs at this point some serious examination of the spatial behavior of resource users, a task
suitable to economics and econometric analysis. While the spatial behavior of resource harvesters is not an
entirely new topic, the substantial momentum behind proposals for marine protected areas makes the need to
understand this behavior greater than ever. Indeed, to evaluate a spatial closure as a fishery management tool,
managers must be able to link harvesters’ spatial choices to a spatially explicit model of the resource base in
order to forecast and understand the spatial and intertemporal dynamics of economic and ecological processes.

A sensible starting point for examining the spatial behavior of harvesters is to postulate that individuals are
focused on the potential returns or rents that they could earn from a trip to any number of discrete spatial
locations. How individual decisions aggregate up over space and time depends, among other things, on
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assumptions about the institutions within which harvesters are operating. At one end of the spectrum, it might be
assumed that the resource in question is being harvested in an open access setting, in which case we would
expect the spatial/intertemporal equilibrium be one in which all rents and arbitrage opportunities are eliminated
(Sanchirico and Wilen, 1999). At the other end of the spectrum, for example in a cooperative restricted-access
fishery, there may be circumstances in which it is reasonable to presume that fishermen are allocating
themselves optimally over time and space in order to maximize system rents. In between could be
representations of other institutions, including limited entry licensing, and variants of regulated open access
(Homans and Wilen, 1997).

A handful of economists have attempted to model empirically the spatial behavior of harvesters in commercial
fishing with discrete choice models (Eales and Wilen, 1986; Dupont, 1993; Larson et al., 1999; Holland and
Sutinen, 2000; Mistiaen and Strand, 2000; Curtis and Hicks, 2000; Smith, 2002). Although one could also
characterize spatial behavior with a continuous coordinate system, the discrete choice assumption is more
consistent with ecological thinking that views populations as existing in discrete patches of habitat that are
linked together through dispersal processes. Operationalizing a discrete choice model of spatial choice first
involves creating data sets that characterize rent opportunities as seen by various decision makers contemplating
discrete choices to particular patches and/or decisions about whether to participate on a given day, etc. Ideally, a
time series/cross section of data might be used to examine repeated choices under a wide range of variation in
the determinants of potential rents at each location node.

One of the difficulties of studying actual discrete spatial choices is that harvesters almost always exhibit
behavioral heterogeneity. For example, it is typically the case that some individuals starting in a given fishing
port visit one fishing ground, while others starting from that same port on the same day visit a different fishing
ground. One explanation for these kinds of observations is heterogeneity of preferences. For example, one high-
payoff but distant location may involve more travel through a particularly hazardous or otherwise difficult to
negotiate straight. Some individuals may be more willing than others to travel, or to confront the physical risk, or
may be more skilled at navigating their boat, thus leading to different location choices from the same origin,
even with identical expectations about the payoffs. Another explanation for these kinds of behavioral differences
is true state dependence (Heckman, 1981). In particular, it may not be that individual harvesters are different, per
se, but that they have had very different experiences exploiting the resource and thus have different expectations
about the spatial character of the resource. This is a particularly likely scenario in fishing or any other “search”
activity in which individuals learn about opportunities by recording their own successes, observing the successes
of others, and accumulating knowledge by actually choosing areas and “sampling” opportunities. In such a
setting, each individual will be operating over a different information set, and choices observed will reflect not
so much the actual data observed by the econometrician, but unobservable convolutions of that data constructed
by individuals in the sample. Even though state dependence due to informational heterogeneity is a likely
stylized fact in fisheries, there are few examples of testing behavioral models in which such a structure is a
maintained hypothesis.

The main focus of the empirical part of this paper is on a specification of spatial choice behavior that reflects the
possibility that different observed spatial choices incorporate some kind of heterogeneous and individual-
specific information gathering that is picked up as a state dependent term. We present a simple discrete choice
model of fishing location that utilizes a parameterization of state dependence that is common in the marketing
literature on consumer product choice (Guadagni and Little, 1983; Keane, 1997). The marketing literature
examines panels of repeated discrete choices in order to sort out how product purchase decisions are affected by
past choices, advertising, and choice switches. The form of state dependence used in this paper models a
similarly hypothesized process among fishers, in the sense that current choices are assumed to be a function of
information, which is in part associated with past decisions and choices. The state dependence used here
accounts for cumulative experience in a location and it weighs recent experience in a fishing ground more
heavily than older experience. In doing so, this parameterization is consistent with the idea that spatially explicit
information about the resource decays over time.  Conditional logit models with and without state dependence
are estimated for fishing location choices made by a sample of harvesters in the California red sea urchin fishery.

2. Data

We draw on a data set that we have constructed to trace participation and location choice behavior in the
northern California sea urchin fishery. The complete data set tracks the daily decisions of about 1000 harvesters
over a ten year period. The data set used in this paper consists of daily observations on individual California sea
urchin divers from 1988 to 1997, including departing port location, diving location, pounds caught, and price.
We focus on the northern California fishery, since regulators have shown more concern about its potential
collapse than the southern California fishery, and as a result, future spatial management in the north is more
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likely. In this fishery, harvesters make day trips from each of four northern California ports to locations offshore
in waters up to 60 feet deep. Harvesters in scuba gear dive for the urchins, collect them in totes, and then deliver
the urchins to processing facilities at the port of landing. Urchins are processed immediately, packaged and
shipped to the Tokyo Central Wholesale Market for sale in the fresh market. We divided these data into eleven
geographically distinct harvest zones or patches. The patches are not of equal size, but instead they reflect spatial
breaks in harvest activity that suggest natural divisions between patches (Smith, 2001). With the exception of
patch 1 (the Farallon Islands), all patches are contiguous along the northern California coast, beginning in Half
Moon Bay and stretching north to the Oregon border.  Thus, the relevant spatial choices can be thought of as
occurring in one dimension rather than in two.

For the empirical analysis, we use all of the observations for each of fifty randomly sampled divers who fished
for urchins at least ten times between 1988 and 1997. The minimum number of observations for an individual is
thus ten, while the theoretical maximum is 2629, the total number of open season days for sea urchins over this
interval. In practice, weather conditions, market conditions, and fatigue limit the number of dive occasions
(Smith, 2001). In our fifty diver sample, the actual minimum, maximum, and mean number of dives over the
sample period are 10, 617, and 160.64 respectively. The total number of observations is 8032.

Within the sample, there is considerable variation in the amount of spatial mobility that harvesters exhibit. In
each port on each diving day, there are generally 3-4 patches within feasible travel distance that a given diver
might access. Over the season or between seasons, divers may switch home ports and gain access to other
combinations of patches along the coast. In our sample of fifty divers, two visit as few as one patch, while two
others visit nine patches over the whole sample period. The average (non-weighted) number of patches visited is
5.18. The median is 5.5. By weighting according to each diver’s total number of dives, the weighted average
number of patches visited is 6.14.

We can also compute a spatial coefficient of variation for each diver in the sample and examine the distribution
of these coefficients to study spatial mobility. To compute these coefficients of variation, for each diver we
compute the mean patch number and the standard deviation of patch numbers, and then we divide the standard
deviation by the mean.1  To explain the intuition behind this statistic, consider the following hypothetical
example. Suppose Diver A visits patch 5 six times and never goes to any other patch. Suppose also that Diver B
visits patch 5 four times, patch 6 once, and patch 4 once, and Diver C visits patch 5 twice, patch 6 twice, and
patch 4 twice. In this example, the average spatial location of each diver is the same, but the variance in patch
numbers reflects different levels of mobility. For this example, the spatial coefficients of variation would be 0,
0.13, and 0.18 for A, B, and C respectively. Figure 1 is a histogram of the results from the fifty diver sample.
The distribution is centered and peaks at a low to moderate level of mobility, though the right tail indicates that
some divers exhibit a high degree of spatial mobility.

3. Behavioral Model and Estimation

A Random Utility Model (RUM) provides a useful motivation and framework for discrete daily diving location
decisions. A RUM is a method for modeling discrete repeated decisions of individual economic agents. In
contrast to most econometric models of continuous decisions, a RUM treats individuals as heterogeneous. Like
most models of choice behavior in economics, a RUM supposes that utility is the metric that drives individual
choice.2   A RUM typically contains a systematic component of utility, assumed common to all individuals in the
data set, and a random component of utility, which varies across individuals. This approach often accounts for
the empirical phenomenon that we as analysts see, namely that two individuals with the same observable
characteristics and opportunities sometimes choose two different discrete alternatives.3

Let i index individuals, j diving locations, and t days. Diver i’s utility from diving in harvest zone j on choice
occasion t is:
Uijt  = vijt + εijt

        = f (Xi1t, Xi2t, ... , XiMt; ββββ) + εijt ,        (1)

                                                            
1 This measure is not perfectly unit-free because the center of an individual’s spatial activity affects the
coefficient of variation. However, it is indicative of varying degrees of mobility.
2 The distinction between commercial urchin divers maximizing utility or profits may be largely semantic. We
do not observe profits directly nor do we observe costs directly, and there are unobservable characteristics that
influence both of these metrics. So, the structure of a RUM is convenient even if our interest were only in
random profits.
3 See McFadden (1974) for a more detailed discussion.



THEME G: Theoretical and Empirical Bio-Economic Modelling

State Dependence in Modeling the Spatial Behavior of Renewable Resource Users

PAGE 4

where X denotes choice-specific characteristics such as travel costs and resource abundance, ββββ is a parameter
vector, and εijt is a random component that is unobservable to the analyst. Note that X in our formulation is
assumed to vary across individuals because it includes the individual’s own information set about expected
returns, which we presume to be the state dependent part of the decision problem. Given M possible diving
locations, the Random Utility Model posits that a diver chooses location k if the utility of choice k is higher than
that of the (M-1) other location choices as well as the choice of not to dive. For example:
Pr[ikt]  =  Pr[Uikt = max{Ui1t ,Ui2t, …UiMt}].    (2)

There are numerous discrete choice formulations that capture the essence of spatial decision-making and are
consistent with the above RUM. To focus on the impact of state dependence, we estimate the simplest
formulation, McFadden’s (1974) conditional logit.4  As such, we assume that the errors are independently and
identically distributed Type I Extreme Value. We also simplify further by assuming that utility is a linear
function of observable choice characteristics and errors. Thus, the probability of individual i visiting patch j at
time t is:

( )
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Following the spatial rent-seeking conceptualization of Sanchirico and Wilen (1999) and the discrete choice
literature on commercial fisheries, we posit that expected returns in different locations drive harvester choices.
These returns are ultimately unobservable, but differences across space are likely to be mainly due to differences
in travel costs and differences in expected revenues. To proxy for travel costs, we compute the variable
DISTANCE, which measures the distance from each port to the center of each patch. Since we observe each
diver’s port on each choice occasion, we can readily generate the full set of possible travel distances to each
patch. In contrast, there are numerous conceptual and practical complications involved in computing expected
revenues (ER) in this setting (Smith, 2000). Here we use the product of expected price and expected catch per
trip, computed over the whole sample. The former is a one-month backward looking rolling average across all
sites in northern California, while the latter is computed in the same fashion but is site-specific across each of the
eleven patches.

The state dependence variables we create follow a procedure used in Gaudagni and Little (1983).5   Define SD
ijtx as

the state dependence variable associated with patch j at time t for person i. For each diver at t=0, we initialize the
state dependence variables at zero. Then they evolve according to the following:
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Thus, the state dependence of this period’s decision is a convex combination of the previous period’s decision
and a geometrically decaying summary of all previous decisions associated with that patch. If an individual
always visits the same patch, the state dependence variable for that patch asymptotes to one, and all others are
zero. A single visit by an individual to a patch, never returning, will continue to influence the individual’s
behavior throughout the sample period but in a way that decreases geometrically over time.

The speed of adjustment in the state dependence variables ultimately depends on the parameter α. In a setting in
which information decays quickly, we would expect α to be small, suggesting rapid adjustment to new
information. Since we do not have a priori information about α, we perform a grid search using the full model

                                                            
4 There are two drawbacks for this approach in this setting. First, conditional logit assumes independence across
choice occasions and individuals. Thus, the model allows for heterogeneity but not for individual heterogeneity
that is correlated across time.  Second, conditional logit imposes the Independence of Irrelevant Alternatives
(IIA), which implies that if we eliminate a choice by creating a marine reserve, the relative choice probabilities
of the remaining choices are unchanged in the short-run. Because we do not deal with participation choices here,
IIA may actually be a plausible assumption, especially if we successfully account for the state dependence of
individuals. For example, the relative probability of a diver visiting patches 4 and 5, given that the diver leaves
from a port located in patch 3, may not change if patch 2 is shut down.
5 This approach to state dependence is similar in spirit to the series of dummy variables used in Holland and
Sutinen (2000) but has several advantages. First, it permits a smooth relationship between past and present
decisions. Second, past information is never truncated after a certain period of time. Finally, it is more
parsimonious in that is requires fewer parameters to capture the essential components of state dependence.
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with ER, DISTANCE, state dependence (STATEDEP), and choice-specific constants.6  Figure 2 depicts the total
log-likelihood graphed against the different values of α tried. The surface appears to be globally concave, and it
reaches a maximum around α=0.5. Thus, we set α=0.5 for the parameter estimates reported below.

Table 1 reports Maximum Likelihood results from the full model and three restricted models. Overall, all
specifications fit the data quite well, as the high pseudo R2 values indicate. The slope coefficients all have their
expected signs. Expected revenues (ER), computed using monthly rolling average across all divers for each
patch, has a positive impact on choosing a site, while DISTANCE has a negative impact. Both of these are
consistent with the notion that anticipated rent differences across space drive choice. The STATEDEP
coefficient is positive, as anticipated, suggesting that individual experience with a patch positively influences the
probability of returning to that patch. This is consistent with the notion that harvesters accumulate private
information about diving locations that supplements the arguably more public information captured by the
sample-average based ER. The coefficients in the restricted models also have the same signs, though the
magnitudes change considerably in some cases.

Using likelihood ratio tests, in all cases we reject the restricted models in favor of the full model. The second
model is the same as the full model but restricts the state dependence β to zero. The third model leaves in state
dependence but restricts the choice-specific constants to zero. The fourth model restricts both state dependence
and the choice-specific constants. The corresponding likelihood ratio test statistics are 4055, 672, and 6487.

Accounting for state dependence greatly increases the explanatory power of the model without having a large
impact on the marginal rate of substitution that defines distance and revenue tradeoffs. Since utility is linear in
choice characteristics, the marginal rate of substitution of expected revenue for travel distance in each model is
simply minus the ratio of the coefficients. Converting these to common units, an individual appears willing to
travel an extra mile for expected compensation of  $837.89 in the first model (column one) and $733.81 in the
second model (column two). These numbers seem high, even considering that extra travel involves variable fuel
costs, the value of the diver’s time, possible additional exposure to unfavorable weather conditions or other
safety risks, and possible quality degradation of the harvested urchins over long distances.

In contrast, excluding choice-specific constants in the model has a moderate impact on the explanatory power of
the model but greatly influences the marginal rate of substitution of distance for revenue. The two models
without choice-specific constants have dramatically different marginal rates of substitution from those above.
For the third model (column three), the MRS of distance for expected revenues is $164.27, and for the fourth
model (column four), the MRS is $248.16.7  These MRSs seem more reasonable, compared with the models that
include choice-specific constants. One possible explanation for the differences in model performance is that our
ER variable may only imperfectly capture public information about expected abundance and price. In particular,
our largely backward-looking computation for ER may not capture the more forward-looking processes of diver
belief formation about spatially varying abundances that are changing more rapidly over time. Choice-specific
constants capture time-independent revenues and costs in addition to travel for each location, changing the
average probabilities of visiting each site. If ER does not accurately track the dynamics of spatial adjustment,
time-independent factors may appear more important than they are.

4. Discussion

This kind of exploratory analysis of spatial behavior is useful in several ways. First, it is important simply to
understand the manner in which information about economic factors translates into actual decisions. Our
modeling strongly supports the notion that spatial choices made by harvesters are responsive to differential
economic opportunities over space. While not surprising to economists, this finding is nevertheless in contrast to
the typical biological modeler’s assumptions of constant, uniform, and unresponsive effort. Second, our findings
provide an improved understanding of how individual decision makers respond, over space and over time.  This
is important because serious policy analysis of spatial instruments will require analysts to make some
judgements about the response speed of the harvester system vis a vis the response speed of the biological
system.

                                                            
6 Note that α is not the parameter that maps state dependence into utility. For this, there is a separate parameter
βSTATEDEP.
7 Interestingly, dropping state dependence from the first to the second model decreased the MRS, while dropping
state dependence from the third to fourth model increased the MRS.
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At the same time, some of our findings raise additional questions about constructing bioeconomic simulation
models for policy analysis. In particular, if decision makers in a repeated discrete spatial decision making
situation are indeed behaving under a process exhibiting state dependence, the analyst needs to address the
importance of that finding for aggregate modeling. In the example used here, state dependence seems clearly an
important determinant of individual spatial choice. At the same time, policy analysts are generally interested in
estimating and simulating with representative harvester models to study and simulate policies for an exploited
resource. Accounting for individual histories in a simulation model poses considerable programming and
modeling complications, and a question is raised about whether it is worth the extra effort. Interestingly, in this
case, the behavioral response parameters for expected revenues and travel distance are not drastically different
when one ignores state dependence. This suggests that analysts may be able to rely on simpler specifications
when there is some temporal aggregation involved.

In a similar way, inclusion of choice-specific constants has mixed implications. On the one hand, econometric
specifications with choice-specific constants fit better. On the other hand, they are less parsimonious and give
rise to seemingly unrealistic marginal rates of substitution. Moreover, behavioral parameters are substantially
different in models with and without constants.

To place this work in its larger context, it is important to contrast the economic motivation for traditional fishery
management instruments such as gear restrictions, season closures, and limited entry, with the economic
motivation for the new instruments of spatial management. The conventional view in fisheries economics is that
the unregulated fishery without individual property rights to the resource fosters incentives to individual
harvesters that lead to excess harvest pressure and too much catch. In the language of externalities theory, effort
regulation is then justified because individual harvesters do not fully appropriate the social costs of their
harvesting intensities. In contrast, the economic impetus for spatially explicit policy instruments stems from the
belief that individual harvesters do not fully appropriate the social costs of their spatial decisions. If this is true,
then a fishery without spatial management may generate spatial externalities. In the conventional view, the
magnitude of aggregate fishing effort diverges from the socially optimal level of effort, whereas in the newer
spatial view, the distribution of fishing effort diverges from the socially optimal distribution of effort.8

In order to diagnose spatial externalities and prescribe appropriate remedies, it is essential to understand patterns
of spatial behavior and the forces that give rise to these patterns. The analysis in this work suggests future
directions that might be followed with appropriately rich data sets involving spatial behavior. More modeling
certainly would help analysts understand more about both actual behavior and about the kinds of specification
issues that emerge in these settings. Perhaps equally important, further empirical work on spatial behavior will
help managers to evaluate whether fishing effort is distributed inefficiently across space. If there is a mismatch
between the optimal spatial distribution of effort and actual effort, empirical behavioral modeling will help
managers to predict behavioral responses to policy and ultimately fine tune spatially explicit policy instruments.
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Figure 1
Distribution of Spatial Coefficients of Variation

Figure 2
Grid Search for State Dependent Parameter
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Table 1
Conditional Logit Results

Full Model No St. Dep. No Constants No Constants
and No St. Dep.

Expected Rev. 0.0157 * 0.0271 ** 0.0506 ** 0.0531 **
(0.0082) (0.0069) (0.0064) (0.0064)

Distance -7.8929 ** -11.9318 ** -4.9873 ** -7.9075 **
(0.2206) (0.2385) (0.1048) (0.1003)

State Dep. 2.4759 ** 2.7297 **
(0.0423) (0.0402)

Patch-specific Constants

Farallons -0.1968 -0.3243
(0.2395) (0.2349)

Patch 1 0.101 0.6544 *
(0.3167) (0.2925)

Patch 2 -4.0259 ** -6.1813 **
(0.2637) (0.2644)

Patch 3 -2.7578 ** -3.9662 **
(0.2389) (0.2447)

Patch 4 -2.0167 ** -3.2655 **
(0.2029) (0.2041)

Patch 5 -2.4256 ** -3.3601 **
(0.2205) (0.2241)

Patch 6 -2.8159 ** -4.5586 **
(0.2186) (0.2236)

Patch 7 -3.0279 ** -4.7201 **
(0.2378) (0.2489)

Patch 8 -4.0836 ** -6.097 **
(0.2647) (0.2782)

Patch 9 -2.9957 ** -4.8771 **
(0.2299) (0.2397)

Patch 10 0 0
- Restricted for Identification -

n 8032 8032 8032 8032
Log-likelihood (5,974) (8,002) (6,310) (9,218)
Psuedo R2 0.612 0.480 0.590 0.401

Notes:
* Indicates statistically significant at the 5% level, and ** indicates signifant at the 1% level.

Psuedo R2  is one minus the ratio of a restricted log-likelihood to the log-likelihood from
the model reported.  The restricted ll is from a model with just choice-specific constants.
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