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Abstract

Depredation by marine predators causes economic losses and impacts depredating species and fish stocks. To understand
these impacts, it is important to accurately estimate catch losses from depredation. Pelagic longline fisheries are susceptible
to depredation, and depredation is difficult to quantify, because gear is suspended in the water column away from the vessel
for extended periods. In the present study, we used fisheries data and a novel modeling approach to estimate catch removal
by odontocetes in the Hawai‘i deep-set longline fishery. We estimated annual biomass and economic value lost to depredation
of three of the most commonly landed species as approximately 100 t and 1 million USD, respectively, during 2012-2018. The
median cost on sets when depredation occurred was $600 USD, with the worst 10% of sets experiencing losses exceeding $2300
USD. We also identified broad-scale spatiotemporal patterns and hotspots of depredation across the range of the fishery. Our
findings quantify the ecological and economic implications of this interaction, and our methods can be applied in similar

fisheries elsewhere to assess the impacts of depredation.
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1. Introduction

The expansion of human exploitation of marine living
resources during the past century has created and exacer-
bated conflicts between fisheries and top predators (Lewison
et al. 2004, 2014; Guerra 2019). Some interactions are indi-
rect, such as competition with predators for shared resources
or other trophic effects arising from exploitation of target
species (Branch et al. 2010; Morissette et al. 2010). Others are
more direct, such as entanglement and bycatch. Predators are
also known to feed directly on bait or fish secured on fish-
ing gear, an interaction known as depredation (Gilman et al.
2007, 2008; Tixier et al. 2020b). A wide range of marine preda-
tors are known to engage in depredation with a diverse array
of fishing gear (Tixier et al. 2020b). The impacts of depreda-
tion extend to fishermen, predators, and ecosystem structure
and function (Gilman et al. 2007, 2008; Hamer et al. 2012;
Mitchell et al. 2018).

Depredation can lead to substantial socioeconomic costs
for affected fisheries (Peterson et al. 2014; Tixier et al. 2020a).
These include direct costs from damage to gear and loss of
bait or catch, and indirect costs caused by increasing fishing
effort to make up for lost catch or fuel costs from moving
to avoid areas of known depredation (Tixier et al. 2020b).
Depredating species are also affected in multiple ways.
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Feeding on restrained catch may have population conse-
quences such as changes in habitat use (Blasi et al. 2015)
or reduced energetic costs of foraging and access to new
foraging opportunities (Esteban et al. 2016). Depredation
also increases the risk of injury or mortality due to hook-
ing or entanglement in fishing gear (Forney et al. 2011)
and retaliatory responses from fishermen (Poncelet et al.
2010; Guinet et al. 2015). Finally, depredation can lead to
higher exploitation rates of fish stocks and bias in stock
assessments, as depredated catch is not typically included in
estimates of fishing mortality (Peterson et al. 2013; Esteban
et al. 2016; Peterson and Hanselman 2017; Hanselman et al.
2018). Thus, it is important to obtain accurate estimates of
catch losses accruing from depredation to understand these
diverse ecological and socioeconomic impacts.

Longline fisheries are particularly susceptible to depreda-
tion as bait and catch are typically suspended in the water
column without any protection or barrier from predators
(Gilman et al. 2007, 2008; Tixier et al. 2020b). Depredation
has been reported in longline fisheries by cetaceans, sharks,
squid, and seabirds (Tixier et al. 2020b). Depredation by odon-
tocete cetaceans is particularly common and problematic for
fishermen. Some odontocete species are skilled in locating
fishing gear, sequentially removing fish as gear is hauled
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or traveling along lengths of gear to remove bait or catch
(Towers et al. 2019; Anderson et al. 2020). These behaviors
can lead to substantial economic costs to affected fishermen
(Peterson et al. 2014; Tixier et al. 2020a).

In Hawai‘i, two pelagic longline fisheries experience odon-
tocete depredation and bycatch. The deep-set fishery targets
bigeye tuna (Thunnus obesus, Scombridae) and operates year-
round on the north and south of the Hawaiian Islands, both
inside and outside of the U.S. Exclusive Economic Zone (EEZ)
(Supplementary Material, Fig. S1). A smaller, shallow-set fish-
ery operates mainly north of the Hawaiian Islands targeting
swordfish (Xiphias gladius, Xiphiidae). Odontocete depreda-
tion and bycatch is more common in the deep-set fishery
(Forney et al. 2011), where false killer whales (Pseudorca
crassidens, Delphinidae) depredate bait and catch, and are the
most common species of cetacean taken as bycatch (Thode
et al. 2016; Bayless et al. 2017). Other odontocete species such
as short-finned pilot whales (Globicephala macrorhynchus, Del-
phinidae) and Risso’s dolphins (Grampus griseus, Delphinidae)
are also occasionally recorded as bycatch, likely driven by
depredation as well (Forney and Kobayashi 2007; Forney et al.
2011; Fader et al. 2021). Unsustainable levels of false killer
whale bycatch have led to regulatory actions by the National
Marine Fisheries Service (NMFS), following recommenda-
tions from the False Killer Whale Take Reduction Team
(FKWTRT), a multistakeholder group charged with reducing
mortality and serious injury of false killer whales below
levels stipulated by the U.S. Marine Mammal Protection
Act (Federal Register 2010). The FKWTRT has recommended
gear changes, handling requirements, and spatiotemporal
closures that are triggered when false killer whale bycatch
exceeds certain levels. These restrictions impart additional
costs to the fishery beyond losses due to depredation itself.

There are a few video records of false killer whales depre-
dating bait and acoustic recordings of false killer whales near
depredated gear (Thode et al. 2016; Bayless et al. 2017). How-
ever, in general, depredation by odontocetes is rarely ob-
served directly in the deep-set fishery. Instead, depredation
of catch is typically inferred by characteristic damage to in-
dividual fish retrieved during the haul (Forney et al. 2011;
Fader et al. 2021). Studies to date have focused on charac-
terizing depredation patterns to inform potential mitigation
solutions (Forney et al. 2011; Fader et al. 2021). Despite the
high value of the target species in this fishery, to date there
have been no rigorous, quantitative assessments of the eco-
nomic impact that depredation has on the fishery or the po-
tential effects of these losses on target stocks. TEC Inc. (2009)
reported estimates of fish biomass lost and economic impli-
cations due to odontocete depredation, but these estimates
were based on estimates provided by fishermen of the pro-
portion of total catch lost per depredated set. In this paper,
we use a novel modeling approach incorporating observer-
collected and logbook fishery data to estimate removals of
commercially important catch by odontocetes in the Hawai‘i
deep-set longline fishery. We first predict the species and size
of individual depredated fish, and we then scale these esti-
mates to assess fishery-wide removals and assess broad-scale
spatial and temporal patterns of depredation across the range
of the fishery.
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2. Methods

2.1. Data sources and data preparation

2.1.1. Study area and fishery-dependent data
sources

Hawai‘i deep-set gear consists of a single monofilament
mainline (3.2-4.0 mm diameter), suspended in the water col-
umn by a series of floats (Supplementary Material, Fig. S2).
Between each float, individual, monofilament branch lines
are regularly spaced, each terminating with a single bait fish
(saury or sardine) attached to a circle hook (Boggs and Ito
1993). The target depth for bigeye tuna is around 400 m and
typical deployment of fishing gear ranges from 1000 to 3000
hooks over ~45-80 km of mainline. When targeting bigeye
tuna, deep-set fishermen typically deploy (“set”), their gear
in the morning, allowing it to fish (“soak”) for several hours
until the retrieval (“haul”) begins around sundown. The haul-
ing process may range from 4 to over 12 h, depending on the
catch and amount of gear deployed.

We derived fishery-dependent data from two sources: “log-
book” data recorded by vessel captains and “observer” data
collected by on-board, independent fisheries observers. All
deep-set captains are required to record and submit logbooks
to NMFS which record the times and GPS coordinates of the
start and finish of each set and haul of gear (i.e., four times
and locations per fishing event), the number of hooks de-
ployed, and counts of captured fish by species. Deep-set ves-
sels are also required to carry a federal fisheries observer,
if requested by NMFS, with a fleet-wide target coverage of
20% of trips per year. Observers collect detailed data on fish-
ing operations, gear characteristics, and biological data from
both target and nontarget catch. Observers monitor the en-
tire haul-back of each gear deployment, identifying each cap-
tured species to the highest taxonomic level possible. Since
2009, observers also systematically measure to the nearest
centimeter every third fish landed. Most bony fish are mea-
sured with standard fork length, while billfish are measured
using an eye-fork measurement. Observers are also trained to
classify and systematically record incidences of depredation.
Evidence of odontocete depredation is distinct from other
sources, such as squid or sharks, because toothed whales typi-
cally consume the whole fish up to the gill plates, leaving only
the head attached to the hook (e.g., Secchi and Vaske 1998)
(Fig. 1). False killer whales are also known to depredate bait
from deep-set gear (Thode et al. 2016), but this is not system-
atically recorded by observers and is thus not considered or
reported here. It is also likely that whales at times remove en-
tire fish, in which case depredation may be underestimated
or not recorded at all.

2.1.2. Overview of multistage modeling approach

We utilized a multistage modeling approach to estimate
the total biomass of commercially important species lost to
odontocete depredation in the deep-set fleet (see graphical
overview in Fig. 2). We focused our analyses on bigeye tuna,
yellowfin tuna (Thunnus albacares, Scombridae), and mahi-
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Fig. 1. Examples of odontocete depredation on three commonly depredated catch species: (a) unidentified tuna species, (b)
mahi-mahi, and (¢) unidentified billfish. Note characteristic toothrakes and removal of body up to gill plates or jaws. Photo

credit: NOAA Fisheries.
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Fig. 2. Graphical schematic summarizing the major steps in the modeling approach used to derive predictions of depredated

biomass across the fishery.
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mahi (Coryphaena hippurus, Coryphaenidae). The tuna species
caught in this fishery cannot be reliably distinguished from
the head and gills of individual depredated fish, so we first
modeled expected species identity for the two target tuna
species (Stage 1). There is only one common species of mahi-
mahi caught in this fishery and thus this step was only nec-
essary for tuna. We then estimated the expected biomass of
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each depredated fish, by species, by modeling its expected
length and calculating its expected mass from established
length-weight relationships (Stage 2). We aggregated the es-
timated biomass from individual fish for all observed sets
in 5° x 5° x month cells and modeled the expected total
biomass of depredated fish by species on observed sets (Stage
3). Finally, we used the best models of aggregated depredated
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biomass to predict total depredated biomass for the entire
fishery (i.e., extrapolating to unobserved fishing sets using
logbook records).

2.1.3. Derivation of covariates

We considered a suite of spatial, temporal, gear, opera-
tional, and/or environmental variables hypothesized to influ-
ence target species type, size, and/or aggregated depredated
biomass, and included them in the three separate models cor-
responding to each stage (Stages 1, 2, and 3, respectively). Op-
erationally, depth of gear has an important influence on both
species and size composition of catch (Bigelow and Maun-
der 2007). As shoaling and concatenation of the main line
makes it difficult to estimate the precise depth of gear di-
rectly (Bigelow et al. 2006), in both Stages 1 and 2 we utilized
two gear-based variables that indicate the relative depth of
an individually caught fish within a single set and relative to
other sets. First, we calculated the standardized distance of
each caught fish from the nearest float (HKDIST), such that a
value of 0 is the first or last hook of the section, while a value
of 0.5 is the very middle of the mainline between two suc-
cessive floats. Due to the concatenation of mainline between
floats, hooks closer to the middle point between two floats
are expected to be deeper in the water than those near the
float (Bigelow et al. 2006). Secondly, we used the number of
hooks between floats for the entire fishing event (a parame-
ter held constant as a boat deploys its gear across floats) as
a general indicator of gear depth. More hooks between each
float generally causes the gear to sink deeper (Bigelow et al.
2006).

We considered a range of static and dynamic environ-
mental variables in all three stages including (detailed
description and sources in Table 1) depth (DEP), sea surface
temperature (SST), standard deviation of sea surface tem-
perature (SSTDEV), the log of chlorophyll a concentration
(CHLA), mixed layer depth (MLD), sea surface salinity (SAL),
absolute dynamic topography (ADT), total kinetic energy
(TKE), Oceanic Nifio Index (ONI), and lunar phase (Stages
1 and 2 only). The first four covariates were extracted for
the 2009-2018 study period using NOAA ERDDAP servers
(https://coastwatch.pfeg.noaa.gov/erddap/index.html)  and
the rerddapXtracto package in RStudio statistical software,
version 1.4.1103 (R Core Team 2018). MLD, SAL, ADT, and
TKE for 2009-2018 were derived and processed from the EU
Copernicus Marine Service (https://marine.copernicus.eu/).
Spatial resolutions of the data ranged from 1/12° to 1/4° and
temporal resolutions from days to months (Table 1).

For Stages 1 and 2, each environmental variable was
associated with the spatial location of a single fishing set.
As longlines can be tens of kilometers long, we derived
the geographic centroid of each fishing set from the four
observed spatial locations (set begin, set end, haul begin, and
haul end) and then created a bounding box of 0.25° x 0.25°
around the centroid point, which encompasses the average
spatial footprint of observed sets of 250 km?. For environ-
mental variables of a resolution higher than 0.25° x 0.25°,
we used nearest neighbor resampling to take the average
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value within this box for each set. Similarly, in Stage 3, we
used nearest neighbor resampling to standardize covariates
to the desired spatiotemporal resolution of 5° x 5° x month.

2.2. Modeling approach

2.2.1. Data preparations

We conducted detailed data explorations prior to model
fitting for each Stage to identify appropriate inclusion of
predictor variables. We assessed collinearity among explana-
tory variables by calculating Pearson correlation coefficients
for all pairwise combinations of continuous variables, re-
taining only those with values less than 0.7 (Dormann
et al. 2013). When two variables with similar ecological
meaning were correlated, we retained the one with fewer
missing values or a clearer ecological relationship to the
response. We also plotted covariates in histograms, against
response variables, and in residual plots from preliminary
models.

2.2.2. Generalized additive modeling approach

We used variations of generalized additive models (GAMs)
in each of the three Stages. GAMs are a regression approach
that calculate smooth functions to estimate relationships be-
tween predictor and response variables (Wood 2017). The
GAM approach allows flexibility in specifying different terms
within a single model, with minimal a priori assumptions on
the nature of each relationship (Wood 2017). They allow for
a wide range of distribution families, so that diverse types of
response variables can be accommodated (Zuur et al. 2009).
A link function g() is used to relate a univariate response
variable Y to a sum of smooth functions of the covariates
X,‘I

1) gEY) =a+ Y fiX)

where « is the intercept and f; is a smooth function of the
covariate X;.

Following general approaches outlined in Zuur et al. (2009)
and Dunn and Smyth (2018), for each species in each Stage,
we began model selection from fully saturated models with
cubic regression splines used for all univariate smoothers and
tensor product smooths for any interaction terms. We used a
cyclic cubic regression spline for a month to ensure a smooth
step from December to January. Splines were implemented
with a shrinkage parameter, which incorporates a penalty on
the null space that drives the coefficients of noncontribut-
ing variables to zero (Wood 2006). These variables were re-
moved after the first iteration, and then backward, stepwise
selection was used on remaining variables to arrive at a final
model (Zuur et al. 2009). All analyses were conducted in RStu-
dio statistical software, version 1.2.5033 (R Core Team 2018).
Stage 1 and 3 models were implemented with the package
mgcv, version 1.8-31 (Wood 2006, 2007), and Stage 2 models
were implemented using the gamm4 package, version 0.2-6
(Wood and Scheipl 2014). Further detail on each modeling
Stage is provided below.
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Table 1. Description of environmental covariates included in this study.

Original spatial Original temporal

Covariate Units Data name and source resolution resolution

Depth (DEP) m General Bathymetric Chart of the Oceans 15 arc sec NA
(GEBCO) Grid?

Sea surface temperature (SST) °C NASA JPL Multi-scale Ultra-high 0.01° Daily
Resolution (MUR) SST Analysis fv04.12

SST standard deviation (SSTDEV) NA NASA JPL Multi-scale Ultra-high 0.01° Daily
Resolution (MUR) SST Analysis fv04.1b

Chlorophyll a concentration Natural log of mg-m~3 NASA Aqua MODIS Level 33 4 km Monthly

(CHLA)

Mixed layer depth (MLD) m Global Ocean Physics Reanalysis 1/12° Daily
GLORYS12V1*

Surface salinity (SAL) 1e 3 Global Ocean Physics Reanalysis 1/12° Daily
GLORYS12V1

Absolute dynamic topography m Global ocean gridded L4 sea surface 1/4° Daily

(ADT) heights and derived variables
reprocessed®

Total kinetic energy (TKE) m?2.s2 Global ocean gridded 14 sea surface 1/4° Daily
heights and derived variables
reprocessed

Oceanic Nifio Index (ONI) NA NWS Climate Prediction Center® NA 3 month average

Lunar phase NA Package “lunar”” NA Daily

Thttps://coastwatch.pfeg.noaa.gov/erddap/info/GEBCO_2020/index.html
2https:/[coastwatch.pfeg.noaa.gov/erddap/info/jpIMURSST41/index.html
3https://coastwatch.pfeg.noaa.gov/erddap/infolerdMH1chlamday/index.html

“4https:/[resources.marine.copernicus.eu/product-download/GLOBAL_REANALYSIS_PHY_001_030
Shttps:/[resources.marine.copernicus.eu/product-download/SEALEVEL_GLO_PHY_L4_REP_OBSERVATIONS_008_047
Shttps:/forigin.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuf ffONI_v5.php

7https://cran.r-project.org/web/packages/lunar/lunar.pdf

2.2.3. Stage 1: predicting tuna species for
unknown depredated tuna

Tuna caught in the Hawai‘i deep-set fishery include bigeye,
yellowfin, skipjack (Katsuwonus pelamis, Scombridae), and al-
bacore (Thunnus alalunga, Scombridae) and these four species
cannot be reliably identified from the head alone when
depredation occurs. As the habitat preference of different
tuna species varies spatially, temporally, and according to
environmental and operational characteristics (e.g., depth
of gear fished) (Bigelow and Maunder 2007; Arrizabalaga
et al. 2015), we developed a multivariate classification model
to predict the probability that each observed, odontocete-
depredated tuna head was a particular tuna species. We
utilized a GAM based on multinomial logistic regression,
treating the species of tuna (one of four) as an unordered, cat-
egorical response variable. Covariates included the gear (i.e.,
depth) and environmental variables described above, as well
as space (i.e., latitude and longitude coordinates) and time
(month) to account for spatial, seasonal, and interannual
variation in distributions of tuna species. We also included
covariates for set-specific tuna species proportions, calcu-
lated as the number of each tuna species caught on the focal
set divided by the total number of all tuna caught on that
set.

We removed several candidate variables that were highly
correlated with other variables or did not have noticeable dis-
criminatory capability for the different species (i.e., the his-
togram distributions were nearly identical for each species).

The resulting, fully saturated GAM was of the form:

(2) Tunatype ~ By + s(YFT_prop) + s(SKJ_prop)
+s (ALB_prop) + s (Longitude) + s (Latitude)
+ c(Month) + s(Year) + s(SST) + s (HKDIST)

Multinomial GAMs produce p values that indicate the abil-
ity to discern each class from a base or reference class (in
this case, bigeye tuna). For the four-class model, there were
three sets of p values for each variable. To arrive at an opti-
mal model, we utilized backwards, stepwise model selection,
sequentially removing variables that were not significant for
any of the three other tuna classes. We assessed model fit and
prediction accuracy by fitting models to a training set of half
the available data, and then testing those models on out-of-
sample test data. We selected models with a higher specificity
and/or lower AIC. The resulting best model was used to pre-
dict, for each individual depredated fish, the probability that
it was each of the four species of tuna.

2.2.4. Stage 2: predicting depredated fish length

To derive estimates of the length (and ultimately biomass)
of observed, depredated fish heads, we modeled the length
of all intact (i.e., nondepredated), observer-measured fish for
each of the three focal fish species and then used these mod-
els to predict fish length for depredated fish heads. We used
fork length in centimeters for each fish species as a Gaussian-
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family response variable with an identity link function. As
the size of tuna in this fishery is known to vary operationally,
seasonally, interannually, and geographically (Woodworth-
Jefcoats and Wren 2020), we included as covariates the two
gear/depth variables from Stage 1, a time[space interac-
tion between month and the latitude and longitude of the
centroid of the fishing event, consecutive month from 2009

(3)  Fishlength

species

‘Canadian Science Publishing

to 2018, and the environmental covariates (Table 1). We
included the presence or absence of depredation on the
same set of the focal vessel as a categorical, parametric
variable. Finally, we included set and trip ID as nested, ran-
dom effects to control for variation within a single set and
across individual trips. The final, saturated GAMs were of the
form:

~ Bo + s(Longitude, Latitude, Month) + s (Consecutive month) + s (HBF)

+ s (HKDIST) + s (DEP) + s (SST) + s (SSTDEV) + s (CHLA) + s (MLD) + s (ADT) + s (TKE)

For each species, we used model selection and cross-
validation to arrive at the best candidate model of fish length
for each species. We then applied these models to obtain ex-
pected length for each observed, depredated fish head en-
countered, then used published length-weight relationships
to convert predicted lengths into predicted mass in kilo-
grams (Uchiyama and Kazama 2003; Uchiyama and Boggs
2006).

We first removed all variables with a p value >0.1 and
shrunken coefficients (expected degrees of freedom < 1). We
then proceeded by removing the nonsignificant or the least
significant covariates at each stage and refitting the model.
We evaluated the prediction accuracy of candidate models at
each stage using five-fold cross-validation, fitting each can-
didate model to five different slices of the data, each time
leaving out one-fifth of the available data to test as novel
data. We continued eliminating variables until we identified
the model with the lowest average root mean squared error
(RMSE) across the five folds, using the Akaike Information Cri-
terion (AIC) to help decide between models in cases of very
similar RMSE values.

GAMs allow various approaches for constraining the
smoothness of individual variables to prevent overfitting.
We left individual smoothed variables “unconstrained” for
initial formulations of all saturated models. Following model
selection, we tested whether assigning a “gamma” value,
which constrains the flexibility of the model and counteracts
overfitting by placing a heavier penalty on each degree of
freedom (Wood 2007, 2017; Zuur et al. 2009), led to further in-
creases in prediction accuracy (RMSE) for the best candidate
model.

+ s (ONI) + s (LUN) + Depredation + random (Set ID |Trip ID)

We used the best candidate model by species to predict
the expected fork length for each observed, depredated fish
head, and then used published length-weight relationships
to convert predicted lengths into predicted mass in kilograms
(Uchiyama and Kazama 2003; Uchiyama and Boggs 2006). For
mahi-mahi, we summed the predicted depredated biomass
into 5° x 5° x month strata. Given uncertainty in species
identity for depredated tunas, we derived predicted biomass
for both bigeye tuna and yellowfin tuna for every depredated
tuna and assigned the predicted probability of tuna species
from Stage 1 to each tuna head. We then resampled the
data set 5000 times, randomly selecting at each iteration a
species identity for each tuna head according to the predicted
probabilities from the multinomial GAM. For each iteration
we summed all bigeye and yellowfin tuna predicted biomass
into 5° x 5° x month strata, and then chose the median
biomass across the 5000 samples as the best estimate of that
tuna species in each stratum.

2.2.5. Stage 3: predicting aggregated depredated
biomass

We used GAMs to model the aggregated, predicted biomass
depredated per species derived from Stages 1 and 2 (kg per
5° x 5° strata). Covariates considered included the envi-
ronmental variables (Table 1), as well as year, month, and
a year-month interaction term. We used the total num-
ber of observed hooks as an offset term to account for
variations in sampling intensity in each strata (Zuur et al.
2009). Fully saturated models for each species were of the
form:

(4) Catchremovals (kg) ~ o + s (Year, Month) + s(Year) + s (Month) + s (DEP) + s(SST) + s (SSTDEV) + s (CHLA) + s (MLD)

Distributions of the response variable for each species in-
dicated many zeros and overdispersion. We thus explored
two different model formulations suited to these types of
data. We first used a tweedie distribution with a log link
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function, which is a flexible, non-negative, continuous dis-
tribution that can accommodate large numbers of true zeros
(Shono 2008; Zuur et al. 2009; Dunn and Smyth 2018). We
also explored a two-stage, delta approach commonly used for
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zero-inflated data sets (Shono 2008; Zuur et al. 2009; Sagarese
et al. 2014). This approach involves first modeling the
presence/absence of depredated biomass in each stratum us-
ing a binomial error distribution with a logit link function.
A separate model is then used to model the conditional pres-
ence in nonzero strata. We used a gamma distribution with a
log-link for the presence-only model.

Both model formulations (tweedie and delta-gamma) were
carried through full model-selection and diagnosis processes.
We conducted model selection as described in Stage 2, bas-
ing decisions of best models on the average RMSE on out-
of-sample test data from five-fold cross-validation. We also
tested whether including a gamma term improved predic-
tion accuracy by restricting overfitting. The tweedie model
formulations had the highest accuracy for each species and
were used in subsequent prediction steps.

2.2.6. Predictions of depredation loss across the
fishery

We used a catch standardization approach (e.g., Shono
2008; Tascheri et al. 2010; Mateo and Hanselman 2014) to
estimate total depredated biomass across the fishery, using
the best-selected, Stage 3 model for depredated biomass of
each species derived from detailed observer data (~20% of
effort), and then extrapolating across the fishery using to-
tal fishery effort from logbook data. To avoid inappropriate
extrapolations in cases where cells had logbook but not ob-
server data, we constrained predictions to only 5° x 5° strata
that were within the range of individual environmental co-
variates present in the observed sets for each variable in the
final model. We then summed these predictions into month
and year summaries.

To quantify estimates of economic losses to depredation,
we extracted data from the United Fishing Agency Auction
in Honolulu, HI, where deep-set fishermen sell their catch
following each trip. These data were publicly available from
the United Fishing Agency Auction in 2019 (https://pop-hawa
ii.com/wp|), although they are no longer available from this
location. The data include, for every day with auctioned fish
catch from 2012 to 2018, the number of fish sold at auction,
the total weight of fish sold that day, and the average price per
pound. The data are separated into ahi (bigeye and yellowfin
tuna) and “miscellaneous”, which includes any other species
sold at auction. We calculated the average price per pound
per month for each category of fish and applied this value
to the total biomass losses by month predicted by the GAM
models.

2.2.7. Detection of depredation hotspots

We used the model predictions for bigeye tuna removals
to calculate the average depredation per unit effort (DPUE)
across the range of the fishery. This was done by summing
the predicted biomass in kilograms and the total number of
hooks fished in each stratum across all years, and then divid-
ing the total biomass by the number of hooks for each 5° x
5° cell. We then mapped the predicted DPUE for each month
to visualize depredation hotspots for bigeye tuna throughout
the year across the range of the fishery.
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3. Results

Between 2009 and 2018, a total of 182 525 sets were made
on 13465 trips by 169 unique vessels in the Hawai‘i deep-
set longline fishery. Observers were present on 20.8% of trips
covering 20.4% of sets, providing a data set of 37 185 fishing
events with detailed catch and depredation data. Approxi-
mately 85 different fish species were recorded as catch, al-
though most species were encountered rarely. The top 10
caught species accounted for 87% of individually captured
fish, and bigeye tuna and mahi-mahi accounted for nearly
half of all retained fish (Table 2). Odontocete depredation on
at least one captured fish was observed on 2394 (6.4%) of all
observed sets. The number of fish depredated per set was
right-skewed, with a median of 2 and a maximum of 63 depre-
dated fish recorded on sets that experienced depredation.
Approximately half of trips (48.4%) experienced odontocete
depredation on at least one set and 22.6% experienced odon-
tocete depredation on two or more sets. Observers recorded
9428 individual fish with damage from odontocete depreda-
tion, or around 1% relative to the total number of individual
fish landed and kept for market. Tunas were the most com-
monly depredated fish (70%), followed by billfish (11%), wa-
hoo (Acanthocybium solandri, Scombridae) (5%), and mahi-mahi
(4%) (Table 2).

The selected model for the multinomial tuna discrimi-
nation analysis included the longitude and latitude of the
centroid of the fishing set; year; month; the proportion of
yellowfin, skipjack, and albacore tuna; and the standard-
ized hook distance. The variables that showed the largest
influence on species-discrimination were the proportion of
species and hook distance (Fig. 3). Higher proportions of the
overall less common tuna species (i.e., yellowfin, skipjack,
and albacore) occurring on the same set were associated with
a higher probability of occurrence for that species. In other
words, the more individuals of a particular species that were
positively identified on the same set, the more likely an un-
known tuna species was also that same species (Figs. 3a-3c).
Standardized hook distance, as a proxy for depth, was also in-
fluential for discriminating tuna species. Yellowfin and skip-
jack tuna, and to a lesser extent albacore, were more likely to
be caught in shallower portions of the set compared to bigeye
tuna (Figs. 3d and 3e).

The mean lengths of bigeye tuna, yellowfin tuna, and mahi-
mahi were 111.9 cm (SD 23.1), 114.0 cm (SD 25.3), and 85.6 cm
(SD 14.3), respectively. The length models that led to the best
out-of-sample prediction included the interaction term be-
tween spatial location and month and the consecutive month
term for each of the three focal species. The consecutive
month variable indicated substantial interannual variation
in predicted fish length for each species (Figs. 4a—4c). The size
of bigeye tuna showed a decreasing trend over the 10 years as-
sessed, but yellowfin and mahi-mahi did not show clear long-
term trends. The optimal yellowfin tuna model additionally
included terms for sea surface temperature and ONI, while
the mahi-mahi model included sea surface temperature, ONI,
and mixed layer depth (Figs. 4d—4h). Larger yellowfin tuna
lengths were associated with more extreme ONI values, while
the relationship between mahi-mahi length and ONI was less
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Table 2. Fish species encountered in the Hawai‘i deep-set tuna
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longline fishery during the study period (2009-2018).

Total caught Total kept Total depredated
n=2152391 n=1095661 n = 9428
Percentage Percentage Percentage
Species of total Cum. % Species of total Cum. % Species of total Cum.%
1 Longnose lancetfish 24 24 Bigeye tuna 35 35 Unidentified tuna 70 70
(Alepisaurus ferox, (Scombridae spp.)
Alepisauridae)
2 Bigeye tuna 19 43  Mahi-mahi 14 49  Unidentified billfish 11 81
(Istiophoridae spp.)
3 Blue shark (Prionace 8 51 Sickle pomfret 12 62  Wahoo 5 86
glauca, (Taractichthys
Carcharhinidae) steindachneri, Bramidae)
4 Snake mackerel 8 59 Skipjack tuna 6 68 Mahi-mahi 4 90
(Gempylus serpens,
Gempylidae)
Mahi-mahi 8 66  Yellowfin tuna 6 74  Opah (Lampridae spp.) 3 93
Sickle pomfret 6 73 Escolar (Lepidocybium 6 80  Unidentified pomfret 2 96
flavobrunneum, (Bramidae spp.)
Gempylidae)
Escolar 5 78 Opah 4 85 Swordfish 1 96
Skipjack tuna 4 81  Wahoo 89  Unidentified bony fish 1 97
Yellowfin tuna 4 85 Shortbill spearfish 91 Longnose lancetfish 1 98
(Tetrapturus angustirostris,
Istiophoridae)
10 Opah 2 87  Albacore tuna 3 94 Escolar 1 99

Note: Observations are organized by species as percentage of total caught and identified, percentage of caught species that were landed and kept by vessels, and
percentage by species depredated. Note certain depredated species are combined into taxonomic categories to account for the difficulty of identifying remains of these

taxa.

Fig. 3. Statistical relationships between covariates and discrimination of three tuna species from bigeye tuna in multinomial
GAM. Plots (a, d) represent discrimination of skipjack tuna from bigeye, (b, e) yellowfin from bigeye, and (c, f) albacore from
bigeye. y-axes are transformed to the probability scale to represent the expected probability of each species at particular
covariate values. Distributions of observed values are indicated by a rug plot along each x-axis. Shading reflects 2x standard

error curves. See Table 1 for descriptions of environmental cov.

ariates.

Skipjack vs. bigeye Yellowfin vs. bigeye Albacore vs. bigeye

—~
o
N

(b)

(©)

g s g s g . ﬁ
% & 3
23 3 331
(2 = < 3
7] 7] 7] ‘\'
o o o |/
; = ; p= p——
00 02 04 06 08 1.0 00 02 04 06 08 1.0 00 02 04 06 08 1.0
SKJ proportion YFT proportion ALB proportion

(d) (e)

@© @© ©
- o oy ey
2] 2 )
(m] (] (m)
% X < N
I o I o T o
k'3 3 3
o e o — o
D‘ RRRLLUIVIERE LIS IR E R LRIV R N L e e D i TTTTTITNTLS ! D L RILIRRRRERN
0.1 0.2 0.3 04 0.5 0.1 0.2 0.3 0.4 0.5 0.1 0.2 0.3 04 0.5
Standardized hook location Standardized hook location Standardized hook location

clear. Conversely, mahi-mahi showed a clear positive relation-
ship between length and sea surface temperature, while the
relationship with yellowfin tuna was less clear. There was a
slight unimodal relationship between mahi-mahi length and

mixed layer depth, with the largest mahi-mahi associated
with mixed layer depths of around 40 m. For bigeye tuna, sev-
eral variables that were considered significant in the GAMs
(p < 0.01) were dropped during model selection, as remov-
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Fig. 4. Statistical relationships between covariates and fork length (cm) for three target fish species. Plots (a—c) indicate the
relationship between fish size and consecutive month for bigeye tuna (a), yellowfin tuna (b), and mahi-mabhi (c) over the study
period. Plots (d, e) and (f~h) indicate additional environmental covariates included in best-fit models for yellowfin tuna and mahi-
mabhi, respectively. y-axes are of the same scale to facilitate comparisons of variable importance on length for each species.
Distributions of observed values are indicated by a rug plot along each x-axis. Shading reflects 2x standard error curves. See

Table 1 for descriptions of environmental covariates.
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ing them led to increased prediction accuracy. These included
ONI, sea surface index, standardized hook distance, and the
presence of marine mammal depredation on the same set.
Depredation of bigeye tuna occurred in 34% of 5° x 5° x
month strata for which fishing effort was observed. In strata
with depredation, the mean estimated biomass of depredated
bigeye tuna was 179.5 kg (SD 225.4) per cell per month. Yel-
lowfin tuna were depredated in 13% of observed strata with
a mean of 94.4 kg (SD 117.0) when present. Mahi-mahi were
depredated in 11% of observed strata with mean of 9.3 kg (SD
7.1) when present. GAMs with a tweedie error distribution for
the response variable and a log link had comparably higher
prediction accuracy for each species than the two-step delta-
gamma models. The best selected models for bigeye tuna, yel-
lowfin tuna, and mahi-mahi had explained deviances of 18%,
32%, and 18%, respectively, which is reasonable in compar-
ison to other catch-standardization analyses (Tascheri et al.
2010). All three included the single temporal covariates year
and month (Fig. 5), while the interaction between year and
month was also included for both yellowfin tuna and mahi-
mahi (not shown). All three species showed lower levels
of depredation north of the equator in summer months,
although this was most pronounced for bigeye tuna and
mahi-mahi (Figs. 5b, 5f, and 5m). The bigeye tuna model in-
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dicated a variable and slightly positive relationship between
predicted depredation and seafloor depth and a nearly lin-
ear, positive relationship with sea surface temperature (Figs.
5c¢ and 5d). The yellowfin tuna model included the environ-
mental covariates depth, chlorophyll a concentration, salin-
ity, ADT, and TKE (Figs. 5g-5k); and the best mahi-mahi model
included ADT and mixed layer depth (Figs. 51-50). Some of
these patterns were relatively weak or showed variable and
unclear relationships, while others were clearer. Yellowfin
tuna and mahi-mahi depredation levels had clear positive as-
sociations with ADT (Figs. 5j and 50). The significant effect
between yellowfin depredation and salinity showed a mostly
flat relationship with a sharp decline at high salinity levels
(Fig. 5i).

The predicted mean annual depredated biomass of bigeye
tuna, yellowfin tuna, and mahi-mahi from 2009-2018 was
78.2t(52.3-104.0), 15.8 t (5.8-25.7), and 1.3 t (0.7-1.9), respec-
tively, or 95.2 t (58.8-131.7) per year in aggregate (Fig. 6a).
The average annual estimated cost across all three species
from 2012 to 2018 was $1 117 000 USD ($694 000-$1 541 000)
(Fig. 6b). On an operational scale, sets that experienced
odontocete depredation lost a predicted (median) volume of
55.2 kg (52.0-57.9) of bigeye and yellowfin tuna, correspond-
ing to a median cost of $579 USD ($549-$614). The median
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Fig. 5. Statistical relationships between select covariates and predicted depredation (kg) for three target fish species. Plots
(a—d) indicate the relationship between predicted bigeye tuna catch removals, plots (e-k) show relationships for yellowfin tuna,
and plots (I-0) for mahi-mahi. y-axes are of the same scale to facilitate comparisons of variable importance for each species.
Distributions of observed values are indicated by a rug plot along each x-axis. Shading reflects 2x standard error curves. See
Table 1 for descriptions of environmental covariates.
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Fig. 6. Predicted annual biomass lost by species (a) and total economic costs (b) resulting from catch removals by odontocetes
in the deep-set fishery. Error bars indicate 95% confidence intervals. Also displayed is the total number of hooks set annually

across the entire deep-set longline fishery (c).
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predicted bigeye and yellowfin tuna catch removal on trips
that experienced depredation at least once was 88.0 kg (83.7—
92.9 kg) corresponding to $921 USD ($871-$971).

Predicted catch removal rate or DPUE (kg depredated
fish/fishing effort) for bigeye tuna was averaged across years
and mapped for each 5° x 5° x month strata to visualize
relative depredation rates over the year (Fig. 7). Predicted
bigeye tuna depredation rates were highest in the first and
last quarters (November-April) and in the southwestern re-
gions of the fishery. Depredation rates were lowest in the
summer months (June-August). Total depredation rate of all
three species combined and rates for yellowfin tuna and
mahi-mahi separately are shown in Supplementary Material,
Fig. S3.

4. Discussion

We used a multistage, tiered modeling approach to derive
quantitative estimates of catch losses by depredating odon-
tocetes in the Hawai‘i deep-set longline tuna fishery. Depre-
dation is relatively rare and variable on a per-set basis, but
lost catch and economic costs can be substantial when they
do occur. Similarly, the intensity of depredation varies in time
and space, but exceeded 100 t and 1 million USD in estimated
costs to the fleet in each of the last four study years (2015-
2018). These values are likely underestimates as fish entirely
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removed by the whales cannot be counted and we do not
have a good estimate of the rate at which entire fish are lost
or consumed. Our findings demonstrate the broad-scale sig-
nificance of odontocete depredation in this fishery and help
quantify the ecological and economic implications of this in-
teraction.

4.1. Depredation patterns

Most observed, depredated fish were either target or non-
target species commonly retained for sale. The estimated
rates of occurrence of depredation on a per-set and per-trip
level in this study are consistent with previous assessments
of this fishery (Forney et al. 2011; Fader et al. 2021). Forney
reported a nearly identical set-level depredation rate of 6%
extending back to 2003. Summaries of catch rates by species,
including depredated fish, have also been reported for this
fishery and are largely consistent with the present study
(Oleson et al. 2010; Fader et al. 2021). As shown here, tuna
are consistently observed as the most frequently depredated
species, but odontocetes consume a range of commonly
caught (and marketable) species including mahi-mahi, wa-
hoo, and billfish. Most species were depredated at rates that
were proportional to their composition of total catch, al-
though some were depredated infrequently relative to their
overall catch rates (Table 2). For example, sharks, although
a common nontarget catch in this fishery, are virtually
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Fig. 7. Predicted bigeye tuna depredation rates (kg bigeye tuna removed/1000 hooks set) averaged by month across the 10
study years (2009-2018). The scale is the same for each month, with the darkest purple corresponding to the highest observed
depredation rate across all months (4.28 kg/1000 hooks). The USA Exclusive Economic Zone around Hawai‘i, California, and

U.S. territories are depicted with a black line.
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never depredated. Depredation on the longnose lancetfish
(Alepisaurus ferox, Alepisauridae) was also rare, even though it
was the most commonly caught species. This may be, at least
in part, due to the gelatinous nature of their flesh, which
makes it difficult for observers to categorize the source of
damage for this discard species.

Despite the detailed observations of depredation described
here, there were notable challenges in scaling up from ob-
served fish remains to biomass estimates from the observer-
collected data set. Odontocetes typically depredate the entire
body of the fish, leaving behind only the jaws and gills. Some
species, such as mahi-mahi, are still identifiable when depre-
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dated. Tuna are more challenging, as several species are regu-
larly caught and cannot be reliably distinguished by the head
alone. We used multinomial GAMs to account for uncertainty
in tuna species identification when aggregating predicted
catch removals by species. The models provided strong out-of-
sample classification accuracy on known tuna species, with
the strongest predictors based on the proportion of species
for positively identified, nondepredated fish as well as the
relative depth of the set. Of note, bigeye tuna is more com-
monly caught on deeper gear than the next two most com-
mon tuna species, yellowfin, and skipjack. By utilizing this
approach, we identified the most likely species to occur based
on general catch trends and known operational characteris-
tics, while incorporating the uncertainty in positive species
identification. We note that there are reliable and low-cost
molecular assays that can discriminate tuna and other fish
species with high accuracy (Michelini et al. 2007). Incorporat-
ing tissue collection from tuna heads by observers is thus one
opportunity to further refine the accuracy of this approach.

An additional layer of complexity is that observers do not
collect morphometric measurements of depredated fish re-
mains that could be used to estimate the intact size of the
fish. Bigeye tuna caught in this fishery range from 27 to
205 cm, and there is considerable variation in the size of
captured fish seasonally, interannually, and geographically
(Woodworth-Jefcoats and Wren 2020). Developing an allomet-
ric relationship between fish remains and intact fish size, and
any necessary data collection protocols (e.g., observers mea-
suring fish remains on the vessel or photographing them to
conduct later image analysis), is thus a clear opportunity to
improve the approach described here. Without such data, we
relied on model reconstructions of depredated fish size. Since
2009, observers have systematically recorded the length of
every third landed fish, providing a robust data set of fish
lengths for undamaged fish caught concurrently or in similar
environmental conditions. We used this data set to develop
models predicting fish length for each focal species based
on spatial, temporal, operational, and environmental covari-
ates. Space and time covariates were important in models for
each species and indicated a likely cohort and recruitment
structure with interannual peaks in body size, as has been
observed in other studies in the region (Woodworth-Jefcoats
and Wren 2020).

Our approach assumes that depredated tuna and mahi-
mabhi are otherwise equivalent to nondepredated, measured
fish of the same species (i.e., individual fish are equally likely
to be selected by a depredator regardless of size). It is possi-
ble that predators could preferentially select either smaller
or larger fish, for example due to easier handling (smaller
fish) or increased likelihood of detection and/or larger reward
of capture (larger fish). Either scenario would bias estimates
of fish length for depredated fish, because any remaining
nondepredated fish on a depredated set, would, on average
and all else equal, likely be larger (in case of a preference
for small fish) or smaller (in case of a preference for large
fish) than fish of the same species on nondepredated sets. To
address this possibility, we incorporated a binary variable in
the starting models for fish length indicating whether odon-
tocete depredation occurred on the same set.

1138

The variable for presence of depredation was not included
in the best-predicting model for any of the three species, al-
though it was statistically significant and one of the last vari-
ables to be removed from the bigeye tuna models during
model selection. The direction of the effect suggested that
nondepredated, measured bigeye tuna were slightly larger
on sets where depredation did not occur. There are at least
two mechanisms that could explain this pattern. It is possi-
ble that depredation occurs more commonly on sets where
the fishery catches smaller tuna on average. This could be
driven by space and time patterns of fishery effort and depre-
dation occurrence, for example, if fish were larger in north-
ern areas where the fishery experiences lower depredation
rates (Forney et al. 2011; Fader et al. 2021). The space, time,
and/or environmental covariates would likely account for
this pattern however, rather than a categorical predictor of
depredation. An alternative explanation is that depredators
are more likely to consume larger fish when they encounter
a set, and thus any remaining, nondepredated fish on that
set, which are the only ones available to be measured, are
smaller than would otherwise be expected. False killer whales
are known to attack and consume large, pelagic fish such as
tunas, mahi-mahi, swordfish, and billfish in the wild (Baird
et al. 2008; Baird 2009). There is little reason to suspect that
this large predator would preferentially select smaller fish,
and indeed, consuming hooked and restrained fish may allow
them to consume even larger fish than they could capture
if the prey was free swimming. This hypothesis also aligns
with reports by fishermen suggesting that whales prefer to
depredate large ahi tuna (TEC Inc. 2009). Thus, this pattern
may suggest a slight underestimate of depredated fish length
and negatively bias the aggregated estimates of depredated
biomass. Nonetheless, an effect in either direction is likely to
be small, as the statistical effect of larger fish on nondepre-
dated sets was approximately a 1 cm difference.

The final step to estimate levels and patterns of depreda-
tion across the fishery was to scale estimates of catch removal
from the observed data set, representing approximately 20%
of total deep-set effort, to the entire fleet. We utilized a
catch standardization approach, commonly used in stock as-
sessment analyses to estimate abundance from CPUE data
(e.g., Shono 2008; Tascheri et al. 2010; Mateo and Hansel-
man 2014), to model depredation per effort relative to co-
variates and then predict biomass of depredated fish in areas
with only effort and covariate data. This approach allowed
estimates of catch removals for focal species across the fish-
ery, as well as identification of potential hotspots of higher
depredation risk. Several environmental covariates were in-
fluential in predictions for each species. Bigeye tuna catch
removals increased with increasing sea surface temperature,
which is consistent with anecdotal reports of fishermen sug-
gesting that depredation is less likely in waters cooler than
67 °F-68 °F (~19 °C -20 °C) (TEC Inc. 2009). Depredation
intensity was positively associated with ADT for both yel-
lowfin tuna and mahi-mahi, which is consistent with observa-
tions in Fader et al. (2021) that the probability of depredation
is lower when fishing in waters with lower ADT values.

Predicted depredation intensity for bigeye tuna, aggre-
gated by month across the 10 years of the study, indicated
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the highest rates of total bigeye catch removals from odon-
tocete depredation in the first and last quarters of the year
(Figs. 5b and 7). There were also apparent spatial hotspots in
the southwest and, to a lesser extent, the northeastern areas
of the fishery, while depredation rates were low in the north-
ernmost parts of the fishery in all months. These patterns
are consistent with previous quantitative assessments, which
have indicated relatively lower depredation rates north of the
equator in summer months when the fleet fishes farther to
the north (Forney et al. 2011; Fader et al. 2021), as well as
anecdotal information from fishermen who have reported
potential depredation hotspots in the south and southwest
portions of the fishery (TEC Inc. 2009).

4.2. Catch removals and implications

The present study suggests that depredation is relatively
rare on a per-set basis, but when it occurs, it can result in
high rates of lost catch on individual fishing sets or trips. The
median estimated cost, when depredation occurs on a set,
was just under $600 USD, although the worst 10% of depre-
dated sets experienced estimated losses of more than $2300
USD. The worst 10% of depredated trips exceeded $3500 in es-
timated losses. Due to the long durations and great distances
traveled to reach fishing grounds, costs are already high in
the Hawai‘i longline fishery, regularly exceeding $30 000 per
trip (Chan and Pan 2021). The prospect of losing several thou-
sands of dollars in a single day of fishing is thus understand-
ably a significant concern for longline fishermen. These esti-
mates also do not account for additional costs of depredation
that are difficult or impossible to quantify, such as bait lost
to depredating whales or wasted on depredated fish. There
are also opportunity costs such as lost gear, crew and vessel
time, and costs likely incurred to make up for lost catch,
as observed in other fisheries subject to odontocete depre-
dation (Gilman et al. 2007; Peterson et al. 2014; Tixier et al.
2020a).

When considered in aggregate, total losses to depredation
by odontocetes may be economically and ecologically mean-
ingful. We estimate that between 100-150 t and over 1 mil-
lion USD in losses of the three focal species were incurred
in each of the last 4 years of the study period, mostly due
to depredation on bigeye tuna. For context, over these same
4 years (2015-2018) the total bigeye tuna catch averaged
3384 t per year (WCPFC 2019) and the total revenue of the
fishery averaged 97 million USD per year (WPREMC 2022).
The Hawai‘i longline fishery also operates on regional catch
limits for bigeye tuna set by two Regional Fisheries Man-
agement Organizations (RFMOs): the Inter-American Tropical
Tuna Commission in the Eastern Pacific Ocean and the West-
ern and Central Pacific Fisheries Commission (WCPFC). The
fishery experienced partial closures in each of the 10 study
years by reaching catch limits (Ayers et al. 2018). If catch
removals from depredation were included in stock assess-
ments, these limits would be reached more quickly, and the
additional effort to account for depredated catch removals
may indirectly increase fishing pressure on target stocks. The
total annual loss of 100-150 t may seem relatively small on
an ocean-basin scale in which 72391 t of bigeye tuna was
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caught by longlines in 2019 in the WCPFC area alone, but
the Hawai‘i fishery accounts for only 5% of total landed big-
eye in the Central Pacific Ocean (WCPFC 2019). If this analysis
was extended to all fishing effort managed by these two RF-
MOs, the scale of catch losses caused by odontocete depreda-
tion could be sufficiently large to warrant inclusion in stock
assessments.

Finally, we documented an increase in catch removals and
associated economic losses over the study period. Much of
this increase is undoubtedly due to the increase in fishing ef-
fort observed in the fishery (Fig. 6¢). The peak in 2016-2017
does not seem to be entirely explained by aggregate fishing
effort, however, and corresponds to an evident increase in
depredation rates for bigeye tuna (Fig. 5a). Interestingly, yel-
lowfin tuna and mahi-mahi depredation rates show distinct
patterns over the decade, with a small increase in yellowfin
since 2016 and a general decline in the depredation rate for
mahi-mahi (Figs. 5e and 5I). It is unclear whether these pat-
terns were driven by changes in distributions or behaviors of
target species, odontocetes, the fishery itself, or some combi-
nation of these factors.

5. Conclusions

This study used a novel approach for estimating catch re-
movals from odontocete depredation in longline fisheries
and identifying hotspots of depredation activity. We utilized a
rich data set of unbiased observations of catch and the occur-
rence of depredation to derive minimum estimates of catch
removals by odontocetes across the fishery. We also took ad-
vantage of the fact that there is a single auction in which the
vast majority of Hawai‘i deep-set fish are sold, allowing us to
estimate the price fishermen would have received had they
landed and sold depredated fish at that time.

There are some important limitations and assumptions
in our modeling applications. Some of these could be ad-
dressed by improvements in observer coverage and observer
data collection protocols (e.g., collecting tissue samples for
depredated species identification and morphometric mea-
surements to estimate depredated fish size). Nonetheless,
the estimates of loss derived here can help fishery managers
and fishermen to better understand the economic and eco-
logical consequences of depredation and inform mitigation
strategies by helping to understand drivers and predictors
of depredation patterns at large spatial and temporal scales.
Such information is important for improving ecosystem-
based fisheries management and refining stock assessments
to account for mortality of target species caused from depre-
dation. This approach is also adaptable and scalable to other
fisheries that experience depredation and demonstrates the
importance of detailed observer data to document and con-
textualize patterns of relatively rare, but important, events
such as depredation and bycatch.
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