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Integrating spatially varying coefficients into discrete choice models for tuna

purse seine fisheries in the Western-Central Pacific

Abstract

The discrete choice model (DCM) is commonly used to analyze fishing behavior and model
fishing location choices based on choice attributes such as expected revenue, cost, and previous
effort. However, traditional or mixed DCMs treat parameters among each fishing location as
independent and fail to account for spatial autocorrelation among fishing grounds. To address
this limitation, we extend traditional DCM by incorporating spatial autocorrelation and
spatially varying coefficients (SVCs) to account for latent processes linked to environmental
conditions, referred to as spatial DCM. We first develop a diffusion-taxis movement simulation
model to simulate fishing vessel behavior, where spatial preferences are influenced by tuna
density and oceanographic indices such as the El Nifio-Southern Oscillation (ENSO). ENSO is
incorporated in the simulation as a time-varying climate index that interacts with a spatial
preference weight, modeling how fishermen adapt fishing strategies in response to changing
oceanographic conditions. The simulation testing shows the spatial DCM effectively estimates
the spatial preference generated by the movement simulation model through incorporation of
SVCs. Finally, we suggest that spatial DCM can be useful tools to analyze and forecast fishing
behavior for tuna purse seine fisheries in the Western and Central Pacific Ocean (WCPO). The
application results showed the spatial DCM can identify baseline fishing preferences, seasonal
spatial variations, and spatially varying responses to environmental conditions beyond the
utility predicted from covariates such as expected catch (previous year catch value) and cost
(previous year effort and distance to port). Specifically, by incorporating spatially varying
coefficients, the spatial DCM reveals that El Nifio events enhance fishing activity in the western
WCPO (Papua New Guinea and Federated States of Micronesia), while La Nifia events
increase fishing activity in the eastern WCPO (Kiribati), presumably representing how fishers
adapt to changes in tuna distribution and catch efficiency driven by shifts in oceanographic
conditions associated with climate events. We therefore conclude that the spatial DCM is a

useful approach to account for spatial autocorrelation and latent oceanographic influences.

Keywords: Tuna purse seine, discrete choice model, spatially varying coefficients, El

Nino-Southern Oscillation, Western and Central Pacific Ocean
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1. Introduction

Previous studies on fisher behavior in fisheries management have emphasized how
important it is to include fisher decision-making when designing and evaluating fisheries
management strategies (e.g., Hilborn & Walters, 1987; Wilen et al., 2002; Salas and Gaertner,
2004; Fulton et al., 2011). For example, Wilen et al. (2002) incorporate the spatial behavior of
California red sea urchin fishermen into a bioeconomic model, demonstrating that ignoring
fishermen’s spatial decisions can lead to misguided policy outcomes. Fulton et al. (2011)
indicated that fisheries management has traditionally focused on the status of exploited
resources while overlooking the critical role of fisher behavior and the resulting uncertainty,
highlighting the need to incorporate human behavior into management design and to develop
supporting empirical research and predictive models. More recently, Andrews et al. (2020)
systematically reviewed literature on fisher behavior in coastal and marine fisheries,
emphasizing the need to account for multifaceted, multilevel, and multiscale behavior into
conceptual and empirical models to better understand behavioral change and inform fisheries
governance. However, accurately modeling fisher behavior is difficult. A fisher's decision
where and when to fish is influenced by various factors including fish density, fuel and market
prices, regulations, differential pricing of fishing licenses across EEZ, individual habits and
experience, previous catch rates, and competition with other vessels. These factors can result
in variations in observed individual fisher behavior and how a group of fishers (a fleet) allocates
their effort over time and space (Tidd et al., 2012).

To better understand the mechanisms of change in fisher behavior and their spatial
allocation of effort, economists have developed various approaches to studying fisher decision-
making and predicting fisher location choice (van Putten et al., 2012). Most of these methods
are grounded in microeconomic theory (e.g., random utility model) and are typically modeled

using discrete choice models (DCMs) (Girardin et al., 2017). Since the 2000s, the application
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of DCMs in predicting fisher behavior has grown, presumably due to enhanced computational
power and increasing availability of fine-scale data, such as vessel-by-vessel trip records (Tidd
et al., 2012). DCMs offer the advantage of analyzing individual behavior at finer temporal and
spatial resolutions compared to other techniques (van Putten et al., 2012). Despite these
advancements and the growing use of DCMs in fisheries management and policy scenarios
(e.g. Dépalle et al., 2020; Hutton et al., 2004; Smith & Wilen, 2003), few studies have explicitly
incorporated spatial dependency into DCMs (e.g. Hutniczak & Miinch, 2018; Sampson, 2018;
Schnier & Felthoven, 2011). Existing studies typically focus on spatial dependency by
incorporating spatial autocorrelation in DCMs, highlighting the influence of spatial and
temporal effects on decision-making processes. However, the interaction between spatial
preferences and environmental and socioeconomic time-series indices still remain limited. For
instance, Campbell and Hand (1999) incorporate the Southern Oscillation Index (SOI) as
covariates to estimate how environmental fluctuations influence fishing location choices, by
using area-covariate slopes to capture the interactions between oceanic time-series index and
spatial strata, and have shown how regional environmental conditions affect spatial fishing
choice. However, this method assumes that spatial preferences are patchy and independent,
potentially overlooking the spatial autocorrelation inherent in regional environmental
conditions. As a result, this method could lead to potential bias, especially when considering
finer spatial and temporal resolutions. Additionally, the performance of this approach has not
been tested using simulated data, resulting in uncertainty in practical use.

For these reasons, we propose the use of spatially varying coefficients (SVCs) within
the DCM framework (hereafter called spatial DCM) to enhance predictions of fisher behavior.
Oceanographic conditions are often summarized using one or more time-series indices (e.g.,
the Pacific Decadal Oscillation or El Nifio-Southern Oscillation, ENSO). SVCs incorporate

these time-series indices as proxies for unmeasured (latent) processes that affect catch
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efficiency, such as redistribution of tuna species driven by temperature-related habitat shifts,
changes in vertical availability for vessels, or distribution shifts for bycatch species that are
actively avoided. The latent processes directly or indirectly affect spatial fishing utility and,
eventually, the choice of fishing locations. By incorporating time-series data in the spatial
DCM and accounting for unmeasured processes, SVCs improve the model's ability to forecast
and project future fishing activities.

In this study, we assess the proposed spatial DCM framework using both simulation
experiments and real-world case study. First, we develop a diffusion-taxis movement
simulation model, informed by foraging theory, to simulate fishing vessel behavior. This
movement model assumes that fishers, similar to predators, optimize their strategies to
maximize profits, moving toward areas with high densities of target species and adjusting their
fishing choices in response to environmental conditions. The simulated data are then used to
evaluate whether the estimation models (DCMs) can replicate the underlying spatial effects
when fitted to data generated from a structurally different simulation model (diffusion-taxis
movement model). Finally, we apply our estimation models to real-world data from tuna purse
seine fisheries in the Western and Central Pacific Ocean (WCPO) as a case study to validate

its applicability.
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2. Material and methods

We aim to evaluate whether the spatial DCM, a discrete choice model with SVCs,
improves the prediction and forecasting of fishing behavior. In the following section, we first
describe the traditional DCM framework, including fixed and mixed effects models, and then
explain how spatial structure is introduced through spatial random effects. Next, we conduct
simulation experiments using a diffusion-taxis movement model, where directional movement
(taxis) is driven by tuna density and environmental conditions, while random movement
(diffusion) accounts for unexplained variability. We then use simulated samples to test whether
the estimation models can (i) identify spatial preference patterns and (ii) improve forecasts
compared to models without spatial effects. Finally, we apply the models to real-world data
from tuna purse seine fisheries in the Western and Central Pacific Ocean (WCPO) to evaluate
their applicability. In this fishery, tuna fishing operations can generally be categorized into two
types based on their fishing strategy: fish aggregating devices (FAD) fishing and free-school
fishing. However, we treat both types as identical in terms of fishing location choice, due to

due to computational constraints and data limitations

2.1 Overview of Models

2.1.1 Traditional discrete choice model (DCM)

In analyzing fishing behavior, the DCM helps understand how fishers select their
fishing grounds based on factors such as expected catch, cost, and environmental conditions.
The utility function U;j; inthe DCM for vessel i choosing fishing location j intime t (see
Table 1 for full list of symbols used in describing models in this study) is traditionally defined
as:

N
Uijt:zxijntﬂn‘*‘fijt (D

n=1
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where 7, is the coefficient of covariates, X;jn;, and €;;; is a residual error term (McFadden,

1974). Here, n represents fixed effects, capturing common factors across vessels. In order to
accommodate individual or spatial preference heterogeneity, the mixed logit model framework
is often adopted (Girardin et al., 2017). By considering area intercepts, area-vessel intercepts,
or vessel-covariate slopes as random effects, the model can address unobserved variability (e.g.
Tidd et al., 2012; Wang et al., 2024).

Although modeling vessel-level heterogeneity (e.g., area-vessel intercepts or vessel-
covariate slopes) can capture individual differences among vessels, it significantly increases
complexity and computational cost, especially given the scale of our application. Moreover,
our dataset lacks vessel-level information such as fishing type (e.g., FAD vs. free-school),
further limiting the feasibility of modeling vessel differences. To keep the model manageable
and focus on spatial preference heterogeneity (hereafter spatial heterogeneity), defined here as
area-specific effects without assuming spatial autocorrelation, we do not model individual
vessel preference heterogeneity but instead introduce two area-level random effects: area-
intercept a and area-covariate slope f). This approach assumes that all vessels are identical
and the spatial heterogeneity in fishing preference is captured through area-level random
effects, which vary independently across locations. While this specification keeps the
assumption of independence across locations, we later relax this assumption by introducing
spatial correlation between neighboring grid cells (Section 2.1.2), allowing the model to
account for spatial dependence in fishing behavior.

We now define these two area-level random effects, @ and fj, which capture regional
variation in fishing preferences and are assumed to be spatially independent. Specifically, a

is a vector of area intercepts, containing ag;; for each geographic location s[j] at fishing

location j, and By is a vector of area-covariate slopes for covariate k containing Bygi;i
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representing the response to covariate xj, at location s[j]. Therefore, the utility function in
the mixed logit framework, considering only spatial heterogeneity, becomes:
N K
Uije= Z XijneTh + A1 + Z XijePrs;j] + €iji
——
n=1 k=1

Area intercepts
Fixed ef fect Area—covariate ef fect

)

Random ef fect
These random effect coefficients a and f, then can be simply modelled as following a
normal distribution:
a~ Normal(0,02) (3)
B ~ Normal(0, 6§ ) (4)
where o2 and aék is the variance of a and S (where aék varies among random effects

k). However, in the mixed logit model, each location is treated independently, which cannot
effectively reflect the spatial correlation of fishing grounds. This limitation may lead to
ineffective modeling of the spatial relationships and interactions within fishing grounds. We
address this issue in the next section by introducing spatially structured variation to explicitly

account for spatial autocorrelation within the DCM.

2.1.2 Spatial extension of the Discrete Choice Model (Spatial DCM)

To address the limitations of the traditional DCM in estimating spatial dependencies,
we introduce spatial autocorrelation into the model by specifying two types of spatial random
effects: spatial variation ® and spatially varying coefficients (SVCs) y. Specifically, w is a
vector of area-specific intercepts, containing intercept w;; for each geographic location s[j]
for fishing location j. Similarly, y, is a set of area-specific slopes for covariate k, containing
Yks[j]> Which represent the response to covariate xy, at location s[j]. Here, we use the

symbols @ and y to represent spatial random effects in our spatial DCM, distinguishing
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them from a and f used in the mixed model (see Eqs.[2—4]). The updated utility function,

incorporating w and Yy, is defined as:

N K
Uije = Z KXijntTn + W[ ] + Z Xkt Vies[j] + €4t
n=1 Spatial variation k=1 )
Fixed ef fect Spatially varying coef ficient

Random fields

We treat w and y, as spatial random effects following a multivariate normal distribution:
o~ MVN(0, Q") (6)
Yi ~ MVN(0,Q,") (7)
where Q, and Q, is the precision (inverse-covariance) matrix for the spatial variation ®
and spatially varying coefficients (SVCs) y;,. We model spatial dependencies through the

conditional autoregressive (CAR) approach, with the spatial precision matrix Q defined as :

1
Q=—I-pA) (®)

where o represents the variance, I is an identity matrix, p is the spatial autocorrelation
parameter, and A is the adjacency matrix defining neighboring relationships based on rook-
adjacency (i.e. sharing an edge rather than a vertex).

Finally, the probability of choosing fishing location j, denoted as Prob;;(j), is modeled

as using the multinomial logit function:

. elijt
Prob(j) = Zj eUijt ©)
The log-likelihood function for parameter estimation within the models is given by:
n
L@y, X0 = > ) 10 = J) - log(Proby () (10)
i=1 j

where 0 = {nn, As, Prs) Ws, Vi Ok s a2, aé’k, p} represents the parameters to be estimated,

depending on the model specification, y;; is the observed location selected by vessel i at

time t,and I(y;; = j) is an indicator function that equals 1 when vessel i selects location j
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at time t, and 0 otherwise. X contains covariates for vessel i, location j, and time ¢, (e.g.,
lagged VPUE for three tuna species, lagged effort, and distance to port), while x is a vector

of temporal covariates at time ¢, including the Nifio 3.4 index and seasonal indicators.

2.2 Simulation and model testing

2.2.1 Diffusion-taxis movement simulation model

We first test how incorporating SVCs within a DCM (the spatial DCM) affects model
performance, using data generated from a diffusion-taxis simulation. Specifically, we assess
the model performance in analyzing fishing vessel movements and the resulting spatial
distribution of location choices. The simulation model involves simulating numerical density
ng, at each location s (of S = 1,905 total sites), time ¢ on a daily basis for 10 years (i.e.,
t €{1,2,..,T}), resulting in T = 3,652 time intervals (from Jan. 1 2011 to Dec. 31 2020,
including leap days). The simulation is restricted to the WCPO, and the spatial domain is
discretized into 1° x 1° grid cells, spanning from 130°E to 210°E longitude and 20°N to 20°S
latitude (Figure 1, left panel).

We simulate individual movement using a habitat preference function, where fishing
vessels tend to move towards cells with higher preference (termed “taxis”) while also
undergoing some unexplained movement (termed “diffusion’). Fishing decisions are then
simulated based on local tuna density. Preference driving taxis is then based on the density of
skipjack tuna, yellowfin tuna, and bigeye tuna (Figure 1, right panel), surface temperature and
ENSO-driven spatial effects. This movement simulation model assumes that fishing vessels
tend to move toward areas with high tuna density and certain temperature range (from 28 to 32
degree Celsius). We include ENSO-driven spatial adjustment term to explicitly simulate how
oceanographic (ENSO) forecasts influence regional fishing preferences across the exclusive

economic zones (EEZs) of Parties to the Nauru Agreement (PNA) members. The spatial
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adjustment captures how fishers' spatial preferences respond to potential changes in catch
efficiency driven by ENSO variability. This term reflects broad-scale behavioral shifts
influenced by ENSO while allowing us to evaluate how the SVCs within the spatial DCM
capture finer-scale spatial preferences in the estimation model. This approach extends upon
research conducted by Thorson (2021) and Thorson et al. (2021a, b), which used a habitat-
preference function to approximate individual movement and our study represents the first
application to fishing vessel movements.

Specifically, we define a preference function hg, for purse seines as an additive function
based on the densities of skipjack tuna x, s, yellowfin tuna x, g, bigeye tuna x3 g, surface
temperature x4, and ENSO-driven spatial adjustment E;W;. The densities of tuna species
are modeled using catch per unit effort (CPUE), calculated as the total catch divided by the
total number of sets for each species, using monthly aggregated data provided by WCPFC
(2024) at a 1°x1° resolution. We simulate surface temperature based on the MODIS-Aqua
Level 3 SST dataset (NASA/JPL, 2020), and ENSO condition based on the Nifio 3.4 SST Index
from the HadISST1.1 (Rayner et al., 2003). In the preference function, we specify hypothetical
weights (constants) to each factor to reflect their relative importance. For tuna species, we
assign weights that reflect their roles in purse seine fisheries, with skipjack tuna given the
highest weight (0.2) as the primary target species, followed by yellowfin (0.05) and bigeye
(0.02), which are often caught as secondary targets or bycatch. The surface temperature and
ENSO-driven adjustment terms are each given a weight of 0.5. The surface temperature term
reflects short-term fishing strategies and is explicitly included in the simulation to assess
whether the fitted model can indirectly capture SST-driven behavior through SVCs, which
serve as a proxy for latent environmental processes. The ENSO-driven adjustment term
captures broader-scale spatial shifts associated with ENSO-related variability. These values

were selected to give environmental drivers a noticeable yet balanced influence on fishing
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preferences, while allowing tuna density to remain the dominant factor. The preference

function is defined as:

hst = 0.2 X log(xl,s,t) + 0.05 x log(xz,s,t) + 0.02 x log(xg,s,t)

Skipjack tuna Yellowfin tuna Bigeye tuna

(11)
+ 0.5 X f(x45¢) + 0.5 X EW,

Temperature ENSO-driven

where f(x) is a Gaussian density function bounded between 0 and 1, representing a
temperature preference that increases as temperature above 28°C, peaks at 30°C, and then
decreases until 32°C (Wu et al., 2023). Eq. 11 specifies that fishing preference is positive
within a certain temperature range while also increasing with higher tuna densities. To simulate
fishing vessel movements and incorporate the impact of ENSO on fishing preferences, we
introduce an ENSO-driven adjustment term E;W; (see Figure 2). The spatial adjustment term
explicitly links the ENSO index (E¢, ranges from approximately -2.5 to 2.5) to spatial fishing-
preferences weight W, i.e., E; is a time-varying climate index (e.g., Nifio 3.4 index) that is
uniform across all locations at each time step, and is multiplied by W;, a spatially varying
coefficient (response) that reflects how each location responds differently to the same ENSO
conditions. When the index is positive, E;W; increases preference in the eastern region (e.g.,
Kiribati, abbreviated as KIR) while reducing preference in the western region (e.g., Papua New
Guinea, abbreviated as PNG). Conversely, a negative ENSO index has the opposite effect,
enhancing preferences in the western region and diminishing them in the eastern region. W;
was constructed using a Gaussian random field with an east-west gradient and regional
adjustments, designed to simulate broad-scale spatial shifts in fishing preference under
different ENSO phases (see Figure 2 caption for details). By explicitly representing the spatial
variation, the movement simulation directly reflects the influence of ENSO on fishing vessel
behavior.

Finally, we define an instantaneous daily vessel movement rate:

10
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M*=D*+Z* (12)

where D* is a diffusion matrix:

1
( D— if s; and s, are adjacent
I A2
d;2'51 = i_ Z CZ;I'S1 lfsl =Sy (13)
s'#s,
k 0 otherwise,

where dg, s, represents the diffusion rate from location s; to neighboring cell s,,and Ag is
the resolution of each grid cell, and diffusion coefficient D infers the patterns of vessels
dispersal across space and time. We here define a fixed-value diffusion D derived from mean-
squared displacement (MSD) of the vessel positions. The MSD is defined as averaging the
squared distances between successive positions over a time interval, and is expressed as:
MSD = E(| Spyar — St 1) = 2nDAt (14)
where n is the number of spatial dimensions and At is the time interval. Rearranging this

formula, the diffusion coefficient D is given by:

_ MSD

= 15
2nAt (13)
and Z* is a taxis matrix representing advective toward preferred habitats:
I{ hs, — hs, if s; and s, are adjacent
Z;Z_Sl = 4_ Z (hSZ - hsl) lfsl = SZ (16)
l s'#sq
0 otherwise.

where zg,_, represents the directional gradient in preference function h between cells s;

and s,. The daily movement matrix M =eM is then calculated by integrating the

movement-rate matrix M* over each daily interval using the matrix exponential function.
For each of 20 simulation replicates, we initialized vessel abundance by allocating 100

vessels across major ports, including Majuro, Pohnpei, Rabaul, Pago Pago, Kiritimati, Tarawa,

and Funafuti, to generate the initial distribution ng, for the first simulation month. Then we

11
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project vessel movement forward for each day over 10 years and simulate the daily tracks for
10 representative vessels based on the generated numerical density ng.. At each time step ¢,
fishing activity is simulated following movement, based on the combined density of skipjack,
yellowfin, and bigeye tuna at each vessel’s updated location. For simulating fishing decision,
the combined tuna density across all grid cells within the unit time is divided into 10 quantiles,
with each quantile assigned a hypothetical, linearly increasing probability: 5%, 10%, 15%, ...,
50%. These probabilities represent the likelihood of a vessel making a fishing decision in each
grid cell, i.e., the higher tuna density, the greater the probability of fishing in that grid cell. At
the end of each month, vessels are simulated to return to the nearest preferred port (each vessel
has different preferred ports), reflecting the docking behavior of the fishing vessels and serving
as the starting point for the subsequent month’s activities. The preferred ports for each vessel
were determined based on an analysis of Global Fishing Watch (GFW) for tuna purse seine
vessels. Detailed percentages for all preferred port combinations for tuna purse seine vessels is

provided in Table Al (Appendix).
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2.2.2 Testing and comparison

For simulation model testing, we fit simulated samples using three models: conventional
DCM, mixed DCM and spatial DCM, to evaluate whether adding SVCs improves performance
within the DCM framework. The models are based on the utility function structure described
in Eq. (5), with 1° x 1° grid cells serving as the choice alternatives. We then define three
alternative estimation models as follow:

1. Conventional DCM: Spatial components are not considered. We specify wg = 0
and ys = 0, leaving only the fixed effects specified earlier (see Eq.[1]).

2.  Mixed DCM: Random effects are modeled by setting wg = a and y,; = [, where

a~Normal(0,02) and B~Normal(0, aé) as described in the mixed model framework (see

Egs. [2—4]). This model accounts for heterogeneity across areas, but it treats spatial locations
as independent, i.e. it does not account for spatial autocorrelation between fishing locations.
3. Spatial DCM: We treat wg and vy, as spatial random effect following a
multivariate normal distribution, w ~MVN(0, Q1) y ~ MVN(0, Qy 1), and modeled using
CAR model previously described for wg and yj ;. This approach allows us to account for
spatial autocorrelation between locations (see Eq. [5-8]).
For all three models, we include as covariates the lagged catches and fish price for skipjack
tuna, yellowfin tuna, bigeye tuna from the same month of the previous year as the expected
catch and revenue, lagged fishing effort and the distance to the port as the expected cost, which
are included in covariate matrix X;j,;. We also include Nifio 3.4 index in x;; as a proxy for
regional latent process to reflect potential ENSO impacts.
For each simulation replication, we record the estimated SVCs yj, from both mixed
and spatial DCMSs, and calculate the allocation of fishing effort within two main PNA party
countries significantly affected by ENSO: KIR and PNG, by aggregating predicted effort

across grid cells with centroids located within each country’s EEZ. In addition, we conducted
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forecasts for the years 2018 through 2020 to test the predictive capabilities of three alternative
models. Specifically, for each forecast year t,.q, (Where t,.q = 2018,2019,2020), the
models were fitted using data from 2011 to t,eq, — 1, and forecasts were made for year ty,q;--
Given the simulation design, an ideal estimator should capture the spatial varying response to
ENSO-driven from the movement model while accurately predicting fishing behavior

influenced by tuna species density and ENSO effects.

2.3 Case study: PNA Western and Central Pacific tuna purse seine fishery

We explore the use of the spatial DCM by fitting WCPO tuna purse seine fisheries data
from Global Fishing Watch. Previous studies have shown a strong link between spatial shifts
in the distribution of skipjack tuna and ENSO events. Specifically, the skipjack tuna population
shifts in response to the zonal movements of the warm pool induced by ENSO events (Lehodey
et al., 1997), and WCPO tuna purse seine often integrates ENSO forecasts (e.g., IRI Columbia
ENSO Forecasts, https://iri.columbia.edu/our-expertise/climate/enso/) into strategic planning
to optimize fishing locations and operational days.

Through this case study, we explore the application of the widely used Nifio 3.4 SST
anomaly to define El Nifio and La Nifa events as a monthly oceanographic index for describing
spatiotemporal variation in the decision-making of purse seine vessels. The Nifio 3.4 SST
anomaly index is calculated based on a 5-month running mean in the Nifio 3.4 region (5°N-—
5°S, 170°W-120°W), with El Nifio or La Nifa events being defined when the Nifio 3.4 SSTs
exceed +/- 0.4°C for a duration of six months or more (Rayner et al., 2003). In this analysis,
we do not distinguish between fishing set types (e.g., floating-object sets and unassociated/free-
school sets), assuming that the decision-making process is primarily driven by overall tuna
density and environmental conditions. We use vessel tracking data for tuna purse seine vessels
obtained from Global Fishing Watch (Kroodsma et al., 2018), coupled with the publicly

accessible WCPFC data on catches (WCPFC, 2024) assuming that information is shared

14



343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

among vessels. For analysis, we discretized spatial data into 1° x 1° grid cells to match the
WCPFC public data resolution. Both datasets are publicly available online at WCPFC
Scientific Data Dissemination (https://www.wcpfc.int/scientificdatadissemination) and Global

Fishing Watch (https://globalfishingwatch.org).

We explore the potential effect of regional conditions (a spatially varying effect of

ENSO) on the decision-making process of purse seine vessels, and use the following utility

function:
N 4
Uije= Z Kijnea + Wg[j] + Eysii + Z Skt Ok 1]
. el —— . (17)
n=1 Spatial variation Spatially varying coef ficient k=1
Fixed ef fect Seasonal spatial variation

Random fields

where X;jimincludes the lagged VPUE (value per unit effort, calculated as the product of catch
and fish price at that time) for skipjack tuna, yellowfin tuna, and bigeye tuna, as well as lagged
fishing effort from the same month of the previous year, as well as the distance to the port as
the expected cost. w is the persistent spatial variation, E; isthe Nifio 3.4 SST anomaly index,
and vy, represents the SVCs) to oceanographic index E;. Si; is a binary indicator for season
k (i.e., 0 or 1), and 8 represents the spatial variation specific to each season, included to
account for within-year variation in fishing preference not explained by ENSO or other
covariates.

For the case study, we assess the performance of the spatial DCM model by comparing
it with two alternative models (conventional DCM and mixed DCM), with 1° x 1° grid cells
serving as the choice alternatives. We first specify the wg, y;, 8, =0 for conventional DCM
that assumes no spatial variation, no SVCs, and no seasonal spatial variation. We then assume
ws ~ Normal(0,032), ys ~ Normal(0,0?),and &) s ~ Normal(0,d§,) for the mixed DCM,

incorporating random effects to account for spatial heterogeneity and varying environmental
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conditions. We fit the three models (conventional DCM, mixed DCM and spatial DCM) using

the leave-future-out approach and evaluated performance through three approaches:

1.

Parsimony: we calculate the marginal Akaike Information Criterion (AIC) (Akaike,
1974) and directly compare the models as an estimate of predictive error, considering
both bias and imprecision.

McFadden's Pseudo-R%: we assess the goodness-of-fit of the models using
McFadden's pseudo-R?, which provides a measure of how well the model explains the
observed choices relative to a null model with no predictors.

Predictive Capability: finally, we use external validation through a retrospective
(leave-future-out) analysis to assess the model's predictive capability. Specifically, we

fit the model using data up to year t,.q, (e.g., 2014-2017), and predict the effort
allocation for year ty.q + 1 (e.g., 2018) repeating this process until 2020. Predicted

probabilities are aggregated to the country level by summing grid cells with centroids
located inside each country’s EEZ, and the resulting effort allocations are compared to

observed values using the Pearson correlation coefficient.
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3. Results

3.1 Diffusion-taxis simulation and model testing

We visualize variables and results for the first replicate of the simulation experiment to
provide intuition about the model behavior. In this replicate, maps of simulated purse seine
preference for December (Figure 3, left column) show distinct spatial patterns over the years.
Specifically, in the first simulated year (2010, Figure 3, top row), the preference was markedly
higher in the western WCPO than the eastern WCPO, corresponding to a La Nifia event. In the
fourth simulated year (2013, Figure 3, second row), a neutral year, there was no noticeable
difference in preference between the western and eastern regions, but the pattern reversed in
2015, showing a significantly higher preference in the eastern WCPO compared to the western
WCPO in December (Figure 3, third row). This difference in preference is driven by the
predefined tuna distribution and the ENSO effect (Figure 3, middle column), which is positive
in the western WCPO and negative in the eastern WCPO during La Nifia (2010), near zero
effects during neutral year (2013), and reversed during El Nifio (2015). As a result, the model-
simulated vessel tracks (Figure 3, right column) reflect these changes in simulated preference,
generating concentrated activities in the western WCPO during La Nifa, evenly broad
distribution in central WCPO during the neutral year, and a shift to the eastern WCPO during
El Nifio.

Fitting the simulated data to spatial DCM and mixed DCM estimates the SVCs y from
the spatial DCM and area-covariate slope f from the mixed DCM for ENSO effects on fishing
preference, as shown in the Figure 4, and comparable to the simulated W pattern in Figure 2
(upper panel). The estimated SVCs y from the spatial DCM show a clear spatial pattern, being
nearly three units higher in the eastern WCPO compared to the western WCPO, transitioning
around 170°E longitude (Nauru and Gilbert Island in Kiribati) across the simulation

replications. The spatial DCM estimates closely matches the simulated changes in purse seine
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preference and fishing activities, showing the ability to capture the spatial preference driven
by ENSO events. In comparison, the area-covariate slope [ estimated by the mixed DCM
shows similar overall pattern but appears more fragmented and scattered, particularly in areas
with sparse data coverage.

For simulated fishing activities, both spatial DCM (green line) and mixed DCM (purple
line) capture the model-generated fishing activity across the simulation replications, while the
conventional DCM (orange line) shows less sensitivity to the variations in simulated fishing
effort (Figure 5). For example, during simulated La Nifa years (e.g., 2011, 2012, 2017, 2018),
spatial DCM and mixed DCM estimate low levels of simulated fishing activities (spatial DCM:
10~20%, mixed DCM: ~20%) in Kiribati and high level of activities (spatial DCM: 20~50%,
mixed DCM: 20~50%) in Papua New Guinea. Conversely, during simulated El Nifio years
(e.g., early 2010, 2015, 2016), both models predict higher level of activities (spatial DCM:
20~50%, mixed DCM: 20~50%) in Kiribati and lower level (spatial DCM: 5~15%, mixed
DCM: 10~20%) in Papua New Guinea. Overall, spatial DCM shows better performance,
particularly during periods of significant variability of fishing activity driven by ENSO, as the
mixed DCM tends to slightly underestimate the magnitude of changes. In contrast, the
conventional DCM predicts relatively constant fishing activities for Kiribati and Papua New
Guinea remain (approximately 20% and 25%, respectively) throughout the simulated time
period, showing a weaker correlation with the simulated fishing activities. For the simulated
forecast years 2018, 2019 and 2020 (light-colored line), both spatial DCM and mixed DCM
predicts the initially high and then declining fishing activities in Kiribati, and initially low and
then increasing activities in Papua New Guinea. However, the mixed DCM tends to produce
more conservative predictions, underestimating the magnitude of the simulated changes. In
contrast, the conventional DCM continues to predict unchanged levels of fishing activity,

failing to capture the variations in the simulated data.
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3.2 Application to the PNA case study

In the case study for tuna purse seine fisheries in the WCPO, we first compared three
models: conventional DCM, mixed DCM, and spatial DCM, using statistical performance
metrics. We found consistent support for the spatial DCM as best-performing model (Table 2).
In particular, AIC indicates that the spatial DCM is more parsimonious (i.e., expected to
improve predictive performance) and also has a substantial increase in Pseudo-R? (i.e., a higher
proportion of variance explained) relative to models without spatial autocorrelation. We next
examined the estimated spatial components of the fitted spatial DCM to better understand
spatial patterns in fishing effort allocation. Results from the case-study application, based on
purse seine fisheries data within the WCPO, indicate that the estimated spatial term w (Figure
6, top left), which structurally represents the baseline spatial preference, is extremely small in
magnitude, (ranging from approximately 2x1077 to -1x1077), suggesting almost no effect on
fishing activity. The near-zero estimates of w imply that baseline spatial preferences may play
a limited role in this case, with most spatial variation instead captured by the SVCs and seasonal
spatial terms. As shown in the parameter estimates for the spatial DCM (Table 3), the standard
deviation o, and the spatial correlation p, are effectively zero or uninformative, further
supporting that w plays a minimal role in explaining spatial variation in fishing activity. The
near-zero estimates of w imply that most spatial variation is instead captured by the SVCs
and seasonal spatial terms.

In contrast, the estimated SVCs y (Figure 6, top right) and the seasonal spatial terms 6
(Figure 6, second and third columns) show clear and significant spatial structure. For the
estimated SVCs y (Figure 6, top right), as expected, the spatial DCM estimates nearly 4 units
higher for the eastern region than the western WCPO, with a transition of around 160°—
180°longitude. This spatial pattern shows that positive values of y in the eastern WCPO and

negative values in the western WCPO, suggesting El Nifio events enhance fishing activity in
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the west (Solomon Island, Papua New Guinea and Federated States of Micronesia), while La
Nifia events increase fishing activity in the east (Kiribati). As for the central region (Nauru and
the Gilbert Islands in Kiribati), the estimated SVCs shows mixed effects on ENSO, with
positive values in the Gilbert Islands (Kiribati) and negative values in Nauru, showing a
transitional shift between the two regions. The significance of the SVCs is also supported by

Table 3, with a significant spatial standard deviation (g;,= 0.007, 95% CI: [0.005, 0.011]), a
high spatial correlation (p,= 0.930, 95% CI: [0.905, 0.949]).

For the estimated seasonal spatial terms 8 (Figure 6, second and third columns), the
spatial DCM estimates a clockwise shift in spatial variation over seasons (four quarters).
Specifically, the first seasonal spatial term 8, (middle left, January—March) is low in certain
northern and lowest in eastern areas but high in most WCPO regions. The second seasonal
spatial term 8, (middle right, April-June) is low in the east and south regions and high only
in the west region around the Federated States of Micronesia. The third season spatial term 85
(bottom left, July—September) is significantly low in the southern regions, especially in the
southwestern area around the Solomon Islands. The fourth seasonal spatial term &8, (bottom
right, October—December) is notably low in specific northwestern and northeastern regions but
high in eastern south WCPO around Tuvalu and Kiribati, showing a redistribution of fishing
activities. Parameter estimates in Table 3 highlight the significance of seasonal spatial variation
through J, with high spatial correlation (ps= 0.902, 95% CI: [0.884, 0.917]) and a significant
standard deviation (g5= 0.021, 95% CI: [0.016, 0.026]).

Finally, to further evaluate model performance, we examined the ability of the spatial
DCM to estimate and forecast fishing effort allocation. Fitting the model to WCPO purse seine
data for 2014-2017 and forecasting shifts for 2018-2020 (Figure 7) shows that incorporating
SVCs improves both estimates and forecasts of allocation shifts. The results also show clear

regional differences in ENSO-driven fishing utility patterns. For example, observed effort
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allocation in FSM and PNG shows a strong ENSO effect, with high fishing efforts in La Nifia
conditions (blue shaded area) and low in El Nifio conditions (red shaded area), while KIR and
HS exhibit a reversed ENSO response, with low fishing efforts in La Nifia and high efforts in
El Nifio.

The correlation results further indicate the performance advantage of the spatial DCM
over both mixed DCM and the conventional DCM. For 2014-2017 estimates, the spatial DCM
shows higher correlations with observed effort allocations across all regions: FSM (0.63), PNG
(0.84), SLB (0.60), TUV (0.32), KIR (0.75), and HS (0.62). In contrast, the conventional DCM
underestimates the spatial variations, producing much lower correlation: FSM (0.11), PNG
(0.46), SLB (0.14), TUV (-0.04), KIR (0.57), and HS (0.06). The mixed DCM produces
intermediate correlations, indicating that incorporating random effects can capture part of the
spatial variation, with values of FSM (0.44), PNG (0.78), SLB (0.56), TUV (0.14), KIR (0.73),
and HS (0.50). For 2018-2020 forecasts, both spatial DCM and mixed DCM perform better
than the conventional DCM. The spatial DCM show better forecasting capabilities, with high
correlations in most region such as FSM (0.62), PNG (0.63), SLB (0.41), TUV (0.37), and HS
(0.51). In contrast, the conventional DCM shows poorer predictive capability, particularly in
regions like SLB (0.02) and TUV (0.24), failing to capture temporal and seasonal variations.
The mixed DCM performs comparably to the spatial DCM in some regions, such as FSM (0.61),
PNG (0.62) and KIR (0.54), but overall, spatial DCM slightly outperforms mixed DCM.
Notably, the inclusion of the seasonal spatial term in both spatial DCM and mixed DCM
significantly improved the estimates and forecast seasonal shifts, especially in SLB, which
shows little ENSO impact but high seasonal variation. Given this positive statistical support,
we emphasize the benefits of including spatial autocorrelation and SVCs, both in terms of

predictive accuracy and descriptive power.
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4. Discussion

In this paper, we extend the DCM by incorporating SVCs (forming the spatial DCM) so
that spatial preferences respond vary by location in response to time-varying indices (e.g.,
ENSO). We also explored the use of both simulated and real data to test and analyze fishing
effort allocation behavior under different spatial-temporal and oceanic environmental
conditions. This study is the first (to our knowledge) to use movement models based on forage
theory to simulate fishing vessel behavior for testing the statistical performance of a spatial
DCM. In the movement simulation model, spatial preferences are modulated by time-series
data (ENSO indices) through a spatial fishing-preference weight, resulting in zonal positive
and negative impacts in the eastern and western regions of the WCPO. Despite structure
differences between the simulated movement model and the DCM-based estimation model, the
estimated spatial preference is strongly correlated with the simulated preference function. The
simulation study and case-study performed as expected, showing the benefits of extending
DCM with spatial autocorrelation and SVCs for predicting and projecting fishing behavior,
particularly in regions with significant spatial correlation. In the simulation, we excluded other
possible factors that could affect fishing efforts allocation, such as bilateral agreements or the
location of tuna processors, to conduct a more controlled simulation test, and show that
incorporating spatial correlation into DCM can be used to improve forecasts or projections of
future fishing activities. We applied this method to the WCPO tuna purse seine fishery and
found that purse seine fishing activities are significantly affected by both ENSO variations and
seasonal effects. By fitting the estimation model, we can estimate and separate the spatial
preference effects, visualizing how the spatial distribution of fishing activity changes in
response to environmental factors such as ENSO variations and seasonal dynamics.

Using the spatial DCM allows the model to better capture spatial autocorrelation and

regional variations in fishing behavior, which are often missed by mixed effects models. By
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incorporating SVCs, the model can provide more precise predictions by treating time-series
data as a proxy for unmeasured (latent) conditions like regional water temperature, particularly
in areas with strong spatial autocorrelation. However, the introduction of spatial
autocorrelation into DCMs, while improving overall predictive performance, inevitably
increases computational time and costs due to the additional effort required to estimate spatial
autocorrelation parameters and precision matrices. Additionally, dealing with a large number
of potential fishing grounds increases the computational burden due to an expanded choice set,
further increasing the computational load. In our study, we used the CAR approach for spatial
autocorrelation estimation, which improved model performance in analyzing geographically
contiguous areas. However, the spatial DCM did not show substantial improvement in
dispersed nations like Kiribati. This reflects the challenge of capturing spatial variation in
widely dispersed regions, which may cause excessive smoothing between neighboring grids
(called “oversmoothing”) (Song et al., 2024). In the case of Kiribati, the EEZ are separated by
areas of high seas, increasing the risk of oversmoothing across neighboring grids. For example,
in 1-degree resolution fishing location choices, the relatively small size of the EEZ in Kiribati,
coupled with the small spatial scale of the grids, can result in excessive correlation with
adjacent grids, introducing estimation biases. This issue of spatial scale arose because
mismatches between the spatial scale of the data-generating process and the aggregation level
in models can lead to significant biases (Dépalle et al., 2021). Possible approaches to mitigate
this issue could involve increasing the local resolution in certain areas, e.g. around Kiribati, to
better reflect finer spatial variations, or estimating spatial variation in the decorrelation rate
(sometimes called “spatial nonstationarity’). However, as the regional spatial resolution and
potential fishing locations increase, the computational cost increases simultaneously (Dépalle
et al., 2021), potentially outweighing the benefits of improved spatial modeling. Therefore,

although the spatial DCM provide better spatial predictions, it requires careful consideration
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of computational trade-offs, particularly in regions that are geographically dispersed. Another
plausible reason for the limited contribution of spatial DCM in some contexts may be the
temporal dynamics of ENSO. Specifically, transitional ENSO years, those that do not exhibit
strong El Nifio or La Nifia signals and are often classified as neutral, tend to flatten the
variability observed in both fish distribution and fleet behavior. During neutral periods,
oceanographic drivers influencing spatial responses become less well-defined, resulting in
subdued spatial preferences (see Figure 3, second row). Consequently, the spatial variation
estimated by the model may be more moderate, limiting the explanatory contribution of spatial
DCM. A similar situation was observed in the redleg banana prawn fishery in Australia. For
example, Plaganyi et al. (2020) suggested that moderate ENSO phases may weaken the linkage
between environmental variability and biological responses, describing ENSO-neutral years as
a “neutral zone” in which redleg banana prawn recruitment became more difficult to explain
and model performance declined.

In our case study application, we included the VPUE and fishing effort from the same
month in the previous year as lagged indicators of expected catch and effort, as well as the
distance to port to represent expected cost. We compared three model structures, without
random effects, with area-level random effects, and with spatial random effects, to evaluate
model performance and better understand spatial fishing behavior. Among the three models,
the spatial DCM provides comparatively stronger forecasting performance and better captures
spatial variations in response to environmental changes (Figure 7). However, we note that in
the spatial DCM, the estimated variance (o) of the spatial variation w was close to zero,
indicating limited residual spatial variation beyond what was accounted for by covariates and
other spatial terms. The near-zero estimate of the spatial variance (o) reflects a form of
regularization (sometimes called “penalization” or “shrinkage”) where likelihood-based

estimation shrinks the variance of weakly supported random effects toward zero, thereby
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reducing model complexity and enhancing predictive performance (Hooten and Hobbs, 2015).
Future studies could also explore model selection to assess whether such components should
be retained.

To understand how the spatial DCM captures the influence of environmental factors on
the spatial distribution of fishing effort, we examined the estimated SVCs (y; Figure 6, top
right) and seasonal variations (J; Figure 6, second and third columns). The estimated SVCs
exhibit a clear east—west contrast (positive in the east, negative in the west), and the seasonal
variations follow a clockwise spatial shift across seasons. These spatial patterns show
alignment with the seasonal and interannual dynamics of the Western Pacific warm pool, which
are driven by changes in monsoons, trade winds, ocean currents, and climate events (Lindstrom
etal., 1987; Picaut et al., 1996; Wang et al., 2019; Wyrtki, 1989). These regional oceanographic
conditions of Western Pacific warm pool influence skipjack tuna habitat suitability and, in turn,
shape their spatial distribution. The Western Pacific warm pool provides favorable
physiological and foraging conditions, supporting a highly productive tuna population
(Lehodey et al., 1997; Mugo et al., 2010), and skipjack tuna to locate and forage on the
periphery of highly productive frontal or upwelling zones, while remaining within tolerable
temperatures (Ramos et al., 1996; Mugo et al., 2010). However, the location of the warm pool
is not stationary, as it shifts in response to seasonal changes and ENSO events. The large-scale
shifts in the location and extent of the warm pool, in turn, influence the distribution of skipjack
tuna across the Western and Central Pacific. To better understand the drivers behind the
seasonal and interannual shifts, including the interactions among tuna movement, fishing
behavior, and large-scale oceanographic conditions, we focus on two major spatial signals
captured by our model estimates:

1. ENSO effect: In El Nifio years (Nifio 3.4 index > 0.5, see Figure 2, lower panel), the

estimated SVCs (Figure 6, top right panel), when combined with positive ENSO index, yield
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an east-positive, west-negative spatial preference pattern. This east-positive and west-negative
pattern captures the eastward shift of the warm pool, driven by weakened trade winds and
associated changes in ocean circulation (Picaut et al., 1996), which in turn causes skipjack tuna
to migrate eastward to the central and eastern Pacific (around Kiribati) (Lehodey et al.,1997).
Consequently, fishing activity shifts from Papua New Guinea toward the central and eastern
Pacific, extending into Kiribati and surrounding waters. In contrast, during La Nifia events
(Nifo 3.4 index > -0.5), the product of the estimated SVCs and ENSO anomalies generates a
west-positive, east-negative spatial preference. This west-positive and east-negative pattern
reflects the westward retraction of the warm pool due to enhanced trade winds (Picaut et al.,
1996), keeping skipjack tuna and fishing activity concentrated in the western Pacific.

2. Seasonal variation: The estimated seasonal preference 8; — 8, reflect the influence of
warm pool shifts on the spatial distribution of skipjack tuna and, subsequently, on fishing
activity throughout the year. Specifically, in the first season (January to March), the estimated
seasonal variation 01 reveals higher preference values in the western Pacific, corresponding to
the seasonal positioning of the warm pool near Papua New Guinea and the Solomon Islands,
where skipjack tuna and fishing activity concentrate during this period. In the second season
(April to June), the estimated 6. shows higher preference values in the region north of Papua
New Guinea and extending toward Micronesia. During this period, the southwest monsoon
begins, and increasing solar radiation and surface heat flux (Wang et al., 2019) drive the warm
pool to expand northwestward, leading to a shift in the distribution of skipjack tuna and fishing
activity toward the northwestern region. In the third season (July to September), the estimated
ds indicates a spatial preference shift toward Kiribati and the adjacent high seas pocket, broadly
between 180° and 160°W. Seasonal solar heating peaks in the Northern Hemisphere during
this time, causing the warm pool to expand eastward and reach its largest extent (Wang et al.,

2019; Wyrtki, 1989). As the warm water spreads, fishing activity follows, gradually moving
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toward the central and eastern equatorial Pacific. Finally, in the fourth season (October to
December), the estimated 64 shows a return of preference values to the central and southern
parts of the western Pacific. During this period, solar heating decreases and trade winds resume,
causing the warm pool to retreat westward toward areas near Papua New Guinea and the
Solomon Islands. Correspondingly, fishing activity concentrates once again in these waters.
By visualizing the spatial variations, we have gained insights into the underlying mechanisms
driving spatial fishing choices, which provide a foundation for predicting future behavior.

By visualizing the seasonal and ENSO-driven spatial variations, we have gained insights
into the behavioral pathway linking environmental variability to fleet dynamics. The estimated
spatial preference patterns (SVCs and seasonal variation 8:—04) reveal latent processes through
which fishers respond to environmental variability, influencing spatial utility and, eventually,
the choice of fishing locations. These results suggest that fishing effort is indirectly driven by
fishers responding to unmeasured ecological processes associated with warm pool movement.

The implications of this result extend to the management of fleet dynamics and spatial
policy planning. This proposed framework offers a behavior-based tool for understanding fleet
dynamics and supporting management decisions. In the PNA case study, for example, the
Vessel Day Scheme (VDS) enables member states to allocate and trade fishing days in response
to changing fishing pressure (Havice, 2013). Integrating spatial effort forecasts with ENSO
predictions (e.g., using products like COLA CCSM4 or GFDL SPEAR) could further enhance
the ability of managers to anticipate potential hotspots of purse-seine activity up to nine months
in advance. This proactive approach may help member states optimize VDS allocations, reduce
the risk of running out of fishing days, and manage associated costs. Additionally, early
identification of high-risk zones would support early deployment of area-based measures to
avoid bycatch or sensitive species before pressure builds, particularly those species and

fisheries that respond to dynamic oceanographic conditions (Soykan et al., 2014).
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Moreover, the spatial DCM developed in this study could inform the development of
operating models for management strategy evaluation (MSE) by explicitly accounting for
dynamic fishing behavior across space. Fulton et al. (2011) highlight that uncertainties related
to fisher behavior and fleet responses to environmental variability and policy changes often
lead to management failures. To reduce such uncertainties, explicitly modeling spatial fisher
behavior within MSE frameworks has been recommended as a promising approach (Punt et al.,
2016). For example, Rose et al. (2015) integrated a random utility model (RUM) with an agent-
based framework to simulate realistic spatial distributions of fishing effort as inputs to
operating models, thereby enhancing the realism of spatial fishing pressure. Similarly, Siple et
al. (2021) emphasized the importance of accounting for fisher responses to spatially varying
fishing pressure and range to support robust management strategies for small pelagic fishes.
The spatial DCM proposed here provides a practical tool for linking climatic time-series
indices (e.g., Pacific Decadal Oscillation, PDO; North Atlantic Oscillation, NAO), to latent,
spatially varying behavioral responses. This approach enables simulations of how fishers may
respond unevenly to changing climate conditions, supporting scenario-based policy evaluation.

We note that several institutional changes occurred in the WCPO during the modeling
period, e.g., the full closure of the Phoenix Islands Protected Area (PIPA) in 2015, extensions
of FAD closures, and increased VDS access fees (Mallin et al. 2019, WCPFC, 2021). These
measures likely affected spatial choices by restricting access to previously available areas or
altering the economic incentives associated with fishing in particular zones. Although
institutional factors were not explicitly modeled in this case, some of these effects may have
been partially reflected through defined choice sets and captured through lagged covariates and
spatial effects. Nonetheless, unmodeled policy dynamics may contribute to unexplained spatial
variation, and future model extensions could benefit from explicitly incorporating institutional

indicators to improve interpretability and support policy evaluation.
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Additionally, future shifts in institutional conditions may also limit the predictive
performance of existing models. Fishing policy changes, such as closed fishing areas or effort
control, can alter spatial incentives and prompt vessels to reallocate their effort accordingly
(Reimer et al., 2017). Modeling fishing area restrictions using choice sets is one effective
approach, e.g., fishing vessels will move to other open areas when access to specific areas is
restricted (Hutton et al., 2004). Still, understanding the basic behavioral mechanisms of spatial
choice is crucial because, even under institutional changes, fishing location decisions are
influenced not only by fish distribution and economic returns but also by habits and past
experiences (Holland & Sutinen, 2000). Another limitation of current models is the assumption
that all vessels follow the same decision-making process, regardless of differences in fishing
strategies. Since our analysis uses AlS-based vessel monitoring (e.g., Global Fishing Watch)
as the foundation for our dataset of observed fishing activities, it is important to acknowledge
that we are unable to distinguish between set types in the current analysis. In practice, purse
seine vessels fishing on drifting FADs may exhibit different spatial behaviors compared to
those targeting free-school tuna. For example, FAD sets may depend more on the location and
timing of earlier deployments than on real-time fish distribution, whereas free-school sets tend
to respond more directly to current tuna movement (Gomez et al., 2020). As a result, behavioral
differences between fishing strategies may be absorbed into other estimated effects and may
introduce uncertainty into the interpretation of estimated spatial preferences.

Finally, recent studies have expanded the applicability of mechanistic movement models
in fisheries science (Thorson et al., 2021a,b), and this approach has already been applied to
simulate how climate change may shift species geographic distributions (Ovando et al., 2024).
We therefore recommend further development of this approach by integrating known
behavioral mechanisms with models of incentive changes or species redistribution to simulate

fishing activity under evolving policy or environmental regimes. Additionally, we suggest the
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joint development of DCMs and movement models. In our simulation testing, the spatial DCM
used for estimation closely approximated the underlying preference structure from the
movement model. This joint development allows for cross-testing and could support future
studies exploring changes in fishing activity dynamics under shifting climate and institutional
conditions. Future work should consider applying this integrated approach to scenario analyses,
evaluating fleet responses under various policy alternatives, such as different degrees of area

closures or effort restrictions, combined with projected environmental changes.

30



713

714

715

716

717

718

719

720

721

722

723

724

725

726

727

728

729

730

731

732

733

734

Acknowledgements
The authors would like to thank Daniel K. Lew, Haikun Xu and Alister L. Hunt for comments on

earlier drafts.

Author contributions

All authors were involved in the design and conception of this study. Hsing-Han Wu and
James T. Thorson were responsible for all code produced during this project and led the
analysis of the data, with additional advice and assistance from Ray Hilborn, Yi Chang.
Hsing-Han Wu led the writing of the manuscript and all authors contributed critically to the

drafts and gave final approval for publication.

Data availability statement
All datasets analyzed in this manuscript are publicly available online at WCPFC Scientific

Data Dissemination (https://www.wcpfc.int/scientificdatadissemination), Global Fishing

Watch (https://globalfishingwatch.org) and NASA Ocean Color

(https://oceancolor.gsfc.nasa.gov/).

Conflict of interest statement.

The authors declare that they have no known competing financial interests or personal

relationships that could have influenced the work reported in this paper.

31


https://www.wcpfc.int/scientificdatadissemination
https://globalfishingwatch.org/

735

736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755
756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783

References

Abbott, J. K., & Haynie, A. C. (2012). What are we protecting? Fisher behavior and the
unintended consequences of spatial closures as a fishery management tool. Ecological
Applications, 22(3), 762-777. https://doi.org/10.1890/11-1319.1

Akaike, H. (1974). A new look at the statistical model identification. /EEE Transactions on
Automatic Control, 19(6), 716-723. https://doi.org/10.1109/TAC.1974.1100705

Andrews, E. J., Pittman, J., & Armitage, D. R. (2021). Fisher behaviour in coastal and marine
fisheries. Fish and Fisheries, 22(3), 489-502. https://doi.org/10.1111/faf.12529

Campbell, H. F., & Hand, A. J. (1999). Modeling the spatial dynamics of the U.S. purse-seine
fleet operating in the western Pacific tuna fishery. Canadian Journal of Fisheries and
Aquatic Sciences, 56(7), 1266-1277. https://doi.org/10.1139/f99-009

Dépalle, M., Sanchirico, J. N., Thébaud, O., O’Farrell, S., Haynie, A. C., & Perruso, L.
(2021). Scale-dependency in discrete choice models: A fishery application. Journal of
Environmental Economics and Management, 105, 102388.
https://doi.org/10.1016/j.jeem.2020.102388

Dépalle, M., Thébaud, O., & Sanchirico, J. N. (2020). Accounting for Fleet Heterogeneity in
Estimating the Impacts of Large-Scale Fishery Closures. Marine Resource
Economics, 35(4), 361-378. https://doi.org/10.1086/710514

Fulton, E. A., Smith, A. D. M., Smith, D. C., & van Putten, I. E. (2011). Human behaviour:
the key source of uncertainty in fisheries management. Fish and Fisheries, 12(1), 2-
17. https://doi.org/10.1111/j.1467-2979.2010.00371.x

Girardin, R., Hamon, K. G., Pinnegar, J., Poos, J. J., Thébaud, O., Tidd, A., Vermard, Y., &
Marchal, P. (2017). Thirty years of fleet dynamics modelling using discrete-choice
models: What have we learned? Fish and Fisheries, 18(4), 638-655.
https://doi.org/10.1111/faf.12194

Gomez, G., Farquhar, S., Bell, H., Laschever, E., & Hall, S. (2020). The IUU nature of
FADs: Implications for tuna management and markets. Coastal Management, 45(6),
534-558. https://doi.org/10.1080/08920753.2020.1845585

Gotii, R. (1998). Ecosystem effects of marine fisheries: an overview. Ocean & Coastal
Management, 40(1), 37-64. https://doi.org/10.1016/S0964-5691(98)00037-4

Halpern, B. S., Walbridge, S., Selkoe, K. A., Kappel, C. V., Micheli, F., D'Agrosa, C., Bruno,
J. F., Casey, K. S., Ebert, C., Fox, H. E., Fujita, R., Heinemann, D., Lenihan, H. S.,
Madin, E. M. P., Perry, M. T., Selig, E. R., Spalding, M., Steneck, R., & Watson, R.
(2008). A Global Map of Human Impact on Marine Ecosystems. Science, 319(5865),
948-952. https://doi.org/10.1126/science.1149345

Havice, E. (2013). Rights-based management in the Western and Central Pacific Ocean tuna
fishery: Economic and environmental change under the Vessel Day Scheme. Marine
Policy, 42, 259-267. https://doi.org/10.1016/j.marpol.2013.03.003

Hilborn, R., & Walters, C. J. (1987). A General Model for Simulation of Stock and Fleet
Dynamics in Spatially Heterogeneous Fisheries. Canadian Journal of Fisheries and
Aquatic Sciences, 44(7), 1366-1369. https://doi.org/10.1139/f87-163

Holland, D. S., & Sutinen, J. G. (2000). Location Choice in New England Trawl Fisheries:
Old Habits Die Hard. Land Economics, 76(1), 133-149.
https://doi.org/10.2307/3147262

Hooten, M. B., & Hobbs, N. T. (2015). A guide to Bayesian model selection for ecologists.
Ecological Monographs, 85(1), 3-28. https://doi.org/10.1890/14-0661.1

Hutniczak, B., & Miinch, A. (2018). Fishermen's location choice under spatio-temporal
update of expectations. Journal of Choice Modelling, 28, 124-136.
https://doi.org/10.1016/j.jocm.2018.05.002

32


https://doi.org/10.1111/faf.12529

784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809
810
811
812
813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833

Hutton, T., Mardle, S., Pascoe, S., & Clark, R. A. (2004). Modelling fishing location choice
within mixed fisheries: English North Sea beam trawlers in 2000 and 2001. ICES
Journal of Marine Science, 61(8), 1443-1452.
https://doi.org/10.1016/j.icesjms.2004.08.016

Kroodsma, D. A., Mayorga, J., Hochberg, T., Miller, N. A., Boerder, K., Ferretti, F., Wilson,
A., Bergman, B., White, T. D., Block, B. A., Woods, P., Sullivan, B., Costello, C., &
Worm, B. (2018). Tracking the global footprint of fisheries. Science, 359(6378), 904-
908. https://doi.org/10.1126/science.aa05646

Lehodey, P., Bertignac, M., Hampton, J., Lewis, A., & Picaut, J. (1997). El Nifio Southern
Oscillation and tuna in the western Pacific. Nature, 389(6652), 715-718.
https://doi.org/10.1038/39575

Lindstrom, E., Lukas, R., Fine, R., Firing, E., Godftrey, S., Meyers, G., & Tsuchiya, M.
(1987). The Western Equatorial Pacific Ocean Circulation Study. Nature, 330(6148),
533-537. https://doi.org/10.1038/330533a0

Mallin, M. A. F., Stolz, D. C., Thompson, B. S., & Barbesgaard, M. (2019). In oceans we
trust: Conservation, philanthropy, and the political economy of the Phoenix Islands
Protected Area. Marine Policy, 107, 103421.
https://doi.org/10.1016/j.marpol.2019.01.010

McFadden, D. (1974). Conditional logit analysis of qualitative choice behavior. In P.
Zarembka (Ed.), Frontiers in econometrics (pp. 105-142). New York: Academic
Press.

Mugo, R., SAITOH, S. L., Nihira, A., & Kuroyama, T. (2010). Habitat characteristics of
skipjack tuna (Katsuwonus pelamis) in the western North Pacific: a remote sensing
perspective. Fisheries Oceanography, 19(5), 382-396. https://doi.org/10.1111/1.1365-
2419.2010.00552.x

NASA/JPL. (2020). MODIS Aqua Level 3 SST Thermal IR Daily 4km Daytime V2019.0
[Dataset]. NASA Physical Oceanography Distributed Active Archive Center.
https://doi.org/10.5067/MODSA-1D4D9

Ovando, D., Bradley, D., Burns, E., Thomas, L., & Thorson, J. (2024). Simulating benefits,
costs and trade-offs of spatial management in marine social-ecological systems. Fish
and Fisheries, 25(2), 218-234. https://doi.org/10.1111/faf. 12804

Picaut, J., Ioualalen, M., Menkes, C., Delcroix, T., & McPhaden, M. J. (1996). Mechanism of
the Zonal Displacements of the Pacific Warm Pool: Implications for ENSO. Science,
274(5292), 1486-1489. https://doi.org/10.1126/science.274.5292.1486

Plagényi, E., Deng, R.A., Hutton, T., Kenyon, R., Lawrence, E., Upston, J., & Eves, S. 2020.
From past to future: understanding and accounting for recruitment variability of
Australia’s redleg banana prawn (Penaeus indicus) fishery. ICES Journal of Marine
Science, 78(2), 680-693. https://doi.org/10.1093/icesjms/fsaa092

Punt, A. E., Butterworth, D. S., de Moor, C. L., De Oliveira, J. A., & Haddon, M. (2016).
Management strategy evaluation: best practices. Fish and fisheries, 17(2), 303-334.

Rayner, N. A., Parker, D. E., Horton, E. B., Folland, C. K., Alexander, L. V., Rowell, D. P.,
Kent, E. C., & Kaplan, A. (2003). Global analyses of sea surface temperature, sea ice,
and night marine air temperature since the late nineteenth century. Journal of
Geophysical Research: Atmospheres, 108(D14).
https://doi.org/10.1029/2002JD002670

Reimer, M. N., Abbott, J. K., & Wilen, J. E. (2017). Fisheries Production: Management
Institutions, Spatial Choice, and the Quest for Policy Invariance. Marine Resource
Economics, 32(2), 143-168. https://doi.org/10.1086/690678

Rose, K. A., Fiechter, J., Curchitser, E. N., Hedstrom, K., Bernal, M., Creekmore, S., Haynie,
A, Tto, S.-I., Lluch-Cota, S., Megrey, B. A., Edwards, C. A., Checkley, D., Koslow,

33


https://doi.org/10.1111/j.1365-2419.2010.00552.x
https://doi.org/10.1111/j.1365-2419.2010.00552.x
https://doi.org/10.5067/MODSA-1D4D9

834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863
864
865
866
867
868
869
870
871
872
873
874
875
876
877
878
879
880
881
882
883

T., McClatchie, S., Werner, F., MacCall, A., & Agostini, V. (2015). Demonstration of
a fully-coupled end-to-end model for small pelagic fish using sardine and anchovy in
the California Current. Progress in Oceanography, 138, 348-380.
https://doi.org/10.1016/j.pocean.2015.01.012

Salas, S., & Gaertner, D. (2004). The behavioural dynamics of fishers: management
implications. Fish and fisheries, 5(2), 153-167. https://doi.org/10.1111/].1467-
2979.2004.00146.x

Sampson, G. S. (2018). Economic spillovers in spatial harvest behavior. Ecological
Economics, 145, 57-74. https://doi.org/10.1016/j.ecolecon.2017.08.016

Schnier, K. E., & Felthoven, R. G. (2011). Accounting for Spatial Heterogeneity and
Autocorrelation in Spatial Discrete Choice Models: Implications for Behavioral
Predictions. Land Economics, 87(3), 382-402. https://doi.org/10.3368/1e.87.3.382

Smith, M. D., & Wilen, J. E. (2003). Economic impacts of marine reserves: the importance of
spatial behavior. Journal of Environmental Economics and Management, 46(2), 183-
206. https://doi.org/10.1016/S0095-0696(03)00024-X

Siple, M. C., Koehn, L. E., Johnson, K. F., Punt, A. E., Canales, T. M., Carpi, P., ... &
Zimmermann, F. (2021). Considerations for management strategy evaluation for
small pelagic fishes. Fish and Fisheries, 22(6), 1167-1186.
https://doi.org/10.1111/faf.12579

Song, G., Tabb, L. P., & Quick, H. (2024). Restricted spatial models for the analysis of
geographic and racial disparities in the incidence of low birthweight in Pennsylvania.
Spatial and Spatio-temporal Epidemiology, 49, 100649.
https://doi.org/10.1016/j.sste.2024.100649

Soykan, C. U., Eguchi, T., Kohin, S., & Dewar, H. (2014). Prediction of fishing effort
distributions using boosted regression trees. Ecological Applications, 24(1), 71-83.
https://doi.org/10.1890/12-0826.1

Thorson, J. T. (2021). Development and simulation testing for a new approach to density
dependence in species distribution models. ICES Journal of Marine Science, 79(1),
117-128. https://doi.org/10.1093/icesjms/fsab247

Thorson, J. T., Barbeaux, S. J., Goethel, D. R., Kearney, K. A., Laman, E. A., Nielsen, J. K.,
Siskey, M. R., Siwicke, K., & Thompson, G. G. (2021a). Estimating fine-scale
movement rates and habitat preferences using multiple data sources. Fish and
Fisheries, 22(6), 1359-1376. https://doi.org/10.1111/faf.12592

Thorson, J. T., Hermann, A. J., Siwicke, K., & Zimmermann, M. (2021b). Grand challenge
for habitat science: stage-structured responses, nonlocal drivers, and mechanistic
associations among habitat variables affecting fishery productivity. ICES Journal of
Marine Science, 78(6), 1956-1968. https://doi.org/10.1093/icesjms/fsaa236

Tidd, A. N., Hutton, T., Kell, L. T., & Blanchard, J. L. (2012). Dynamic prediction of effort
reallocation in mixed fisheries. Fisheries Research, 125-126, 243-253.
https://doi.org/10.1016/j.fishres.2012.03.004

van Putten, 1. E., Kulmala, S., Thébaud, O., Dowling, N., Hamon, K. G., Hutton, T., &
Pascoe, S. (2012). Theories and behavioural drivers underlying fleet dynamics
models. Fish and Fisheries, 13(2), 216-235. https://doi.org/10.1111/1.1467-
2979.2011.00430.x

Wang, T., Szuwalski, C. S., Punt, A. E., & Hilborn, R. (2024). Diversity of fishing strategies
and high spatial adaptivity in the Alaskan snow crab fishery. ICES Journal of Marine
Science, 81(5), 929-943. https://doi.org/10.1093/icesjms/fsae052

Wang, Y., Wu, R., & Wen, Z. (2019). Seasonal variations in size and intensity of the Indo-
western Pacific warm pool in different sectors. Journal of Oceanography, 75(5), 423-
439. https://doi.org/10.1007/s10872-019-00511-y

34


https://doi.org/10.1111/j.1467-2979.2004.00146.x
https://doi.org/10.1111/j.1467-2979.2004.00146.x
https://doi.org/10.1111/faf.12579

884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902

WCPEFC. (2021). Evaluation of CMM 2018-01 for tropical tuna. WCPFC-TTMW1-2021-
01 rev3. Electronic Meeting, 26—30 April 2021.

WCPFC. (2024). Public Domain Aggregated Catch/Effort Data.
https://www.wcpfc.int/public-domain

Wilen, J. E., Smith, M. D., Lockwood, D., & Botsford, L. W. (2002). Avoiding surprises:
incorporating fisherman behavior into management models. Bulletin of Marine
Science, 70(2), 553-575.

Wijermans, N., Boonstra, W. J., Orach, K., Hentati-Sundberg, J., & Schliiter, M. (2020).
Behavioural diversity in fishing—Towards a next generation of fishery models. Fish
and Fisheries, 21(5), 872-890. https://doi.org/10.1111/faf.12466

Wu, X. H., Chang, Y., Liao, T. Y., Ding, M. M., & Ke, C. C. (2023). Real-time multi-month
forecasting of skipjack tuna (Katsuwonus pelamis) habitat in the western and central
Pacific Ocean for improved fishing efficiency and fisheries management. /CES
Journal of Marine Science, 80(10), 2490-2503.
https://doi.org/10.1093/icesjms/fsad159

Wyrtki, K. (1989, 1989/05/24-30). Some thoughts about the west Pacific warm pool. Western
Pacific international meeting and workshop on Toga Coare : proceedings Western
Pacific International Meeting and Workshop on Toga Coare, Nouméa.

35



	Abstract
	Keywords: Tuna purse seine, discrete choice model, spatially varying coefficients, El Niño-Southern Oscillation, Western and Central Pacific Ocean
	1. Introduction
	2. Material and methods
	2.1 Overview of Models
	2.1.1 Traditional discrete choice model (DCM)

	2.1.2 Spatial extension of the Discrete Choice Model (Spatial DCM)
	2.2 Simulation and model testing
	2.2.1 Diffusion-taxis movement simulation model
	2.2.2 Testing and comparison

	2.3 Case study: PNA Western and Central Pacific tuna purse seine fishery

	3. Results
	3.1 Diffusion-taxis simulation and model testing
	3.2 Application to the PNA case study

	4. Discussion
	References

