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Dungeness crab changing ocean conditions, is gaining attention as an alternative to static approaches for managing dynamic
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fisheries challenges. While promising, dynamic management can be data-intensive, costly, and difficult to
implement, and its value relative to simpler static approaches should be evaluated before being applied, espe-
cially when endangered species and economically crucial fisheries are at risk. Here, we use management strategy
evaluation to compare static and dynamic management strategies for reducing humpback whale (Megaptera
novaeangliae) entanglement risk in the highly lucrative California Dungeness crab (Metacarcinus magister) trap
fishery. We find that simple gear reductions outperform dynamic management strategies across several measures
of performance. Gear reductions maintain uninterrupted fishing seasons and high fisheries catch and effectively
prevent whale entanglement risk by directly reducing the number of vertical trap lines. Furthermore, gear re-
ductions are robust to delayed openings resulting from biotoxin contamination and low meat quality, do not
depend on the availability or accuracy of entanglement risk indicators, add no new management costs or
enforcement challenges, and avoid biases in geographical equity. Dynamic management strategies, which pro-
actively or reactively respond to indicators of entanglement risk, struggle to achieve their intended benefits
because they are implemented after long logistical delays and because they redistribute rather than reduce
entanglement risk. Bycatch threatens protected species and valuable fisheries around the world and models like
the one developed here present valuable tools for weighing solutions to complex fisheries and conservation

challenges.
1. Introduction management (DOM) that is responsive to emerging climate challenges
(Lewison et al., 2015; Maxwell et al., 2015). In particular, DOM is her-
Climate change is increasing the complexity of already dynamic alded as an efficient tool for avoiding bycatch of non-target species
marine ecosystems and fisheries, spurring interest in dynamic ocean without compromising target fisheries catches and revenues (Dunn
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et al., 2016). Whereas traditional static approaches schedule and locate
management interventions such as fishery closures or gear reductions
based on a broad understanding of historical bycatch risk, dynamic
approaches trigger targeted management interventions or voluntary
avoidance in response to near real-time observations or predictions of
contemporary risk (Dunn et al., 2011). While DOM approaches can
efficiently avoid bycatch and minimize negative fishery impacts in many
contexts (O’Keefe et al., 2014), they can also decrease predictability for
fishers and increase information requirements, management costs, and
enforcement complexity in other contexts (Lewison et al., 2015).

The stakes for demonstrating the viability and effectiveness of DOM
approaches relative to simple static management approaches are
elevated when bycatch species are endangered or highly protected. In
these cases, the capture of even a few individuals can threaten popula-
tion health and risk widespread fishery closures. Examples exist in every
ocean basin, including sea lions (Neophoca cinerea) in Australian shark
gillnet fisheries, albatross (Diomedea amsterdamensis) in Indian Ocean
longline fisheries, and leatherback turtles (Dermochelys coriacea) in Pa-
cific Ocean longline fisheries (Lewison et al., 2014). In such cases, reg-
ulatory mandates may prevent state-of-the-art dynamic management
based on predictive models and/or voluntary avoidance (e.g., Hazen
et al., 2018; Howell et al., 2008). Furthermore, enforcement capacity
may limit the spatial-temporal scales of realistic dynamic management
interventions. For example, highly dynamic hotspot closures (Dunn
et al., 2016) may not be feasible under current technological and reg-
ulatory regimes. Although the theoretical basis for dynamic manage-
ment to outperform static management and achieve win-win scenarios
for fisheries and conservation is well-documented (Lewison et al., 2015;
Maxwell et al., 2015), there is a critical need to evaluate the perfor-
mance of practical dynamic management strategies under ever changing
environmental conditions, especially for protected species incidentally
captured in socioeconomically important fisheries.

The California Dungeness crab (Metacarcinus magister) fishery pre-
sents an instructive and urgent case study for evaluating the ability of
feasible dynamic management strategies to maximize the conservation
of protected species while minimizing negative impacts to fishing live-
lihoods. The fishery generates more than $65 million in revenues
seasonally (2010-2018 average), supports over 500 vessels, and repre-
sents the primary source of revenue for many fishers statewide (Free
et al., 2022). However, the fishery is facing significant management
challenges as a result of rising entanglements of protected species in the
vertical rope lines that connect crab traps with their surface buoys (Saez
et al., 2020). In particular, the 2014-2016 marine heatwave known as
“the blob” (Bond et al., 2015) precipitated a dramatic spike in humpback
whale (Megaptera novaeangliae) entanglements (Saez et al., 2020)
through a perfect storm of events (Santora et al., 2020). First, elevated
biotoxin contamination from a massive harmful algal bloom (McCabe
etal., 2016) led the fishery to open five months late, just as whales were
returning to foraging grounds during their spring migration. Second, the
inshore compression of cool, productive waters further intensified the
overlap between foraging whales and the just-opened fishery (Santora
et al., 2020). Growing whale populations (Calambokidis and Barlow,
2020), increasing compression of foraging grounds (Santora et al.,
2020), and rising harmful algal bloom risk (McKibben et al., 2017)
threaten to magnify entanglement risk into the future.

A suite of static and dynamic strategies for managing the fishery in
response to entanglement risk have been identified (CDCFGWG, 2017;
CDFW, 2021; CDFW, 2020) but their ecological and economic impacts
have not been jointly quantified (though see Samhouri et al., 2021 for a
retrospective evaluation of a subset of proposed management strate-
gies). Management strategy evaluation, which uses simulation models of
key system components (e.g., crab populations, whale populations,
fishing fleets, and management) to project fisheries and conservation
outcomes under alternative management strategies, represents a
powerful tool for measuring and comparing tradeoffs among these po-
tential strategies (Bunnefeld et al., 2011; Punt et al., 2016). While
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management strategy evaluation has been used to evaluate the ecolog-
ical and economic impacts of methods for defining and implementing
allowable levels of bycatch mortality (Brandon et al., 2017; Punt et al.,
2018) and policies for requiring importers to adhere to high bycatch
reduction standards (Punt et al., 2020), it has rarely been used to eval-
uate the consequences of direct bycatch avoidance strategies (Smith
et al., 2021).

Here, we use a retrospective management strategy evaluation model
to compare the ability for static and dynamic management interventions
to minimize entanglement risk while maximizing fishing opportunities
in the California Dungeness crab fishery. The model synthesizes diverse
historical data and model outputs to simulate the: (i) population dy-
namics of crabs; (ii) effort dynamics of the fishing fleet; (iii) abundance
and distribution of humpback whales; (iv) entanglement of humpback
whales in crab fishing gear; and (v) management strategies proposed to
mitigate entanglement risk (Figs. 1 & S1; Table S1). Specifically, we
consider static strategies that employ statewide season delays, early
closures, and gear reductions and dynamic strategies that trigger zonal
closures or statewide gear reductions based on either an observed
entanglement (reactive dynamic management) or observations from a
whale abundance survey (proactive dynamic management). We measure
the performance of management strategies in terms of their ability to
prevent entanglement risk, ability to maximize fishing opportunities,
and robustness to season delays resulting from biotoxin contamination
or low meat quality (Fig. S2 & S3).

2. Methods
2.1. Population dynamics

We modeled the biomass of legal-sized male crabs using a spatial
model operating on weekly time steps. We simulated nine recent fishing
seasons (2010-11 to 2018-19) where the simulation period for each
season is Oct 1 to Jul 30. We used Oct 1 as a start date to allow time for
whale abundance surveys before the commercial fishing season opens
(Nov 15 and Dec 1 in the Central and Northern regions, respectively;
Fig. 1). The 2010-11 to 2016-17 seasons begin with statewide biomass
totals equal to historical pre-season legal-sized male crab biomass esti-
mates from Richerson et al. (2020), and the 2017-18 and 2018-19
seasons begin with the mean of these estimates (Fig. S4). We imposed
spatial structure according to the California commercial fishing block
system, and set the initial distribution of male crab biomass proportional
to the mean distribution of catch during the 2013-14 and 2014-15
seasons (Fig. 1 & S5), which did not experience any closures (Fig. S2).
We calculated weekly male biomass as a function of natural mortality
and fishing mortality:

Bir1 = B[,z*exp( - (M+Fi.r) ) (@)

where B; ¢ is biomass in block i in week t + I, B;  is biomass in
block i in week t, M is natural mortality, and F; ; is fishing mortality in
block i in week t (Hilborn and Walters, 1992). Natural mortality (M) is
0.6925 yr~! (0.0133 wk.™!) based on Richerson et al. (2020) and block-
level fishing mortality (F; o) is determined by the fleet dynamics model
described below. We did not model recruitment or somatic growth since
we used the Richerson et al. (2020) estimates of pre-season biomass to
recover the legal-sized male population each season. This assumes that
changes in fishing effort have no impact on harvestable biomass. This
assumption is supported by studies showing that catch fluctuations are
driven more by environmental conditions than by fisheries exploitation
(Armstrong et al., 2011; Rasmuson, 2013) and by an analysis of the
Richerson et al. (2020) biomass estimates showing that exploitation rate
does not have a negative impact on population size in the following year
(Fig. S6).
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Fig. 1. A conceptual illustration of the spatial simulation sub-models used to simulate (A) population dynamics of Dungeness crab; (B) effort dynamics of the
commercial fishing fleet; (C) abundance and distribution of humpback whales; and (D) whale entanglement risk in our management strategy evaluation model. Pre-
season legal-sized male biomass is based on Richerson et al. (2020) and is distributed in proportion to the (A) average distribution of catch from the uninterrupted
2013-14 and 2014-15 seasons. Panels B—D illustrate results from an example simulation (Dec 1 2015 in the no risk management scenario). The (B) scale and
distribution of weekly fishing effort is set based on available biomass (biomass not in closed areas). The (C) abundance and distribution of humpback whales is
estimated by the Forney et al. (in prep) species distribution model. The (D) entanglement risk is measured as the number of likely encounters between whales and
traps and entanglements are simulated using probabilities based on estimated historical encounter and entanglement rates. In (A), the solid horizontal line delineates
the Northern and Central management regions. In (C), the solid horizontal lines delineate the entanglement risk management zones. Only blocks visited by >3 vessels

are shown to comply with the rule-of-three.

2.2. Fleet dynamics

We used landings receipts from 2010 to 2018 (9 fishing seasons) to
explore the effort dynamics of the California Dungeness crab fleet. The
landings receipts report the date of landings, the commercial fishing
block where landings were caught, and, since 2013, the permit tier of the
vessel (i.e., the maximum number of traps the vessel is permitted to
deploy). We used these data to evaluate intra-seasonal patterns in
weekly fishing effort in terms of the: (i) amount and proportion of sea-
sonal catch landed each week; (ii) number and proportion of vessels
operating each week; (iii) number of traps deployed each week (Fig. S7);
and spatial-temporal patterns in the self-reported location of landings
(Fig. S8). Landings locations appear reliable given their inter-seasonal
consistency (Fig. S8) and logical positioning relative to the port of
landing (Fig. S9). To estimate the number of traps deployed each week
(which are not recorded on the landings receipts), we assumed that
every vessel reporting landings deployed the maximum number of traps
allowed by their permit (i.e., Tier 1 = 500 traps, Tier 2 = 450 traps, etc.;
Table S2). This necessary simplification implies that we likely over-
estimate weekly fishing effort, but is identical to the assumptions made
by CDFW and the whale entanglement working group (e.g., CDCFGWG,
2020a) up until the 2020-21 season when a biweekly self-reporting
requirement was implemented (CDFW, 2020). These explorations
revealed biomass-coupled effort dynamics expected for limited-access
derby fisheries (i.e., fisheries where a race to fish when the season
opens results in a steep and progressive decline in fishing effort and
catch) with interruptions resulting from spatial-temporal closures
(Fig. S7 & S8).

We reproduced these dynamics using a biomass-coupled effort dy-
namics model that sets weekly effort based on levels of biomass deple-
tion. We assume that each season opens with 130,000 traps based on the
uninterrupted 2013-14 and 2014-15 seasons (Figs. S7 & S10) and that
subsequent state-wide fishing effort changes according to the following
equation:

B,
Euy = E,(l +x(a*Bo - 1) ) @

where state-wide effort in week t + 1 (E., ;) is a function of state-wide
effort in the previous week (Ep, biomass depletion, and fleet behavior.
Whether state-wide effort increases or decreases between weeks is
determined by the depletion of biomass in open fishing blocks in week t
(By) relative to pre-season biomass (Bp), the proportion of pre-season
biomass at which bioeconomic equilibrium occurs (a), and the rate at
which effort changes in response to changes in biomass (x). See Vas-
concellos and Cochrane (2005) for the full derivation of this equation.
We assume that state-wide effort is distributed to fishing blocks in
proportion to biomass in open fishing blocks (i.e., fishers have perfect
knowledge of resource distribution). By making effort responsive to
biomass in open fishing blocks, we make effort dynamically responsive
to fisheries closures and openings.

We calculated weekly catch resulting from this effort using the
Baranov catch equation:

F;
Cil — B o N

(1 e~ (M F,))) ©

where C;; is the catch in block i in week ¢, B;; is the biomass of legal-
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sized males, F;, is the fishing mortality rate, and M is the natural mor-
tality rate of legal-sized male crabs (Hilborn and Walters, 1992). The
natural mortality rate is 0.6925 yr’1 (0.0133 wk. 1) based on Richerson
et al. (2020). The fishing mortality rate is calculated by multiplying the
catchability coefficient (q) by the fishing effort (E;,) derived above.

We estimated values for a (0.8), x (0.1), and q (0.00005) by fitting
these equations to the weekly effort and catch dynamics observed during
the uninterrupted 2014-15 fishing season through least squares opti-
mization (Fig. S10). These values minimized the joint sum of squared
residuals resulting from fits to each time series scaled to its maximum
value. We scaled the time series to their maximum values to ensure
relatively even weighting in the minimization of their respective re-
siduals (i.e., residuals are similar magnitudes when both time series span
0 to 1). Although the specification of the fleet dynamics model depends
on reconstructed effort dynamics, which may be overestimated as a
result of the “maximum traps” assumption, we do not expect this
assumption to substantively impact our conclusions given the similarity
of our reconstruction to those generated by fishery managers
(CDCFGWG, 2020a) and researchers using VMS pings as an indicator of
fishing effort (Feist et al., 2021).

2.3. Whale distributions and entanglement

We modeled the potential interaction between Dungeness crab
fishing gear and humpback whales using the Forney et al. (in prep)
humpback whale species distribution model (SDM), which was devel-
oped using established and extensively validated methods (Becker et al.,
2019; Becker et al., 2016). The model provides bi-daily hindcasts of
humpback whale abundance from January 1, 2005 to August 14, 2019
on a 3-km grid that spans all of coastal California (Fig. S11), which we
used to hindcast the number and density of whales in each California
commercial fishing block over the simulation period (Figs. S11 & S12).
We used a two-week rolling average to smooth the bi-daily variability
predicted by the model, which generates more realistic results than a
weekly average based on the experience of the model developer. The
model predicts total humpback whale population sizes (Fig. S12) that
are consistent with estimates from the most recent stock assessment for
the total CA/OR humpback whale population (Calambokidis and
Barlow, 2020).

We estimated the probability that a crab trap encounters a whale
using a trap hunting model proposed by Rowcliffe et al. (2003). The
model is based on ideal gas theory and the expected rates of contact
between randomly moving particles. Briefly, in a time period of length ¢,
a whale swimming at velocity v and at risk of encountering traps within
distance D sweeps a strip of water 2Dvt in area. Thus, a given density of
whales d sweeps strips totaling 2Dvtd in area. Assuming that the number
of strips that encounter a randomly positioned stationary crab trap fol-
lows a Poisson distribution, the probability that a trap in block i en-
counters a whale (P)) is equal to:

P; = 1—exp(—2*D*v*i*d;) 4

where the risky passing distance (D) is 13.5 m based on average
humpback whale body length (Clapham and Mead, 1999), the mean
swim speed (v) is 3.37 km/h (Lagerquist et al., 2008; Mate et al., 1998;
Rockwood et al., 2017), the duration of the time step (t) is 1 week (168
h), and the density of whales in block i (d;) is determined by the species
distribution model (Fig. S13). We calculated the number of encounters
in a block as the product of the number of traps in the block and the
probability that a trap encounters a whale.

Because management is triggered by confirmed entanglements and
we lack data on trap encounters and unobserved entanglements, we used
the trap encounter probability in Eq. 4 to estimate the probability that an
encounter leads to a confirmed entanglement (i.e., an observed entan-
glement that is officially confirmed by the National Oceanic and At-
mospheric Association, NOAA). We estimated the probability of a
confirmed entanglement by dividing the number of confirmed
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humpback whale entanglements in California Dungeness crab com-
mercial fishing gear from the 2013-14 to 2018-19 seasons (n = 43;
Fig. S14; Saez et al., 2020) by the total number of encounters we esti-
mated to have occurred during this time period. Of the 1,692,328 en-
counters our trap hunting model predicts occurred during the 2013-14
to 2018-19 seasons (Fig. S15; Table S3), we estimate that 0.0025 % of
whale-trap encounters lead to a confirmed entanglement. We evaluated
the sensitivity of our results to this parameter in a supplemental analysis
employing a higher entanglement probability. This probability (0.0065
%) was derived assuming that the 67 confirmed entanglements that
could not be linked to a specific fishery (Fig. S15; Table S3) were in fact
the result of the commercial California Dungeness crab fishery (i.e., 110
confirmed entanglements/1,692,328 encounters).

We assumed that most confirmed entanglements are observed on
delay. We drew the length of this delay from a uniform distribution
spanning 0 to 5 weeks based on data on the likely timing of a limited
number of entanglements. For 15 of 43 historical humpback whale en-
tanglements, the presence of buoy tags and license numbers off buoys
allowed for consultations with gear owners to determine gear set dates,
bookending potential entanglement windows (Fig. S16; Saez, unpub-
lished data). We selected a uniform distribution of 0 to 5 weeks because
the majority (10 of 15) of these entanglements were observed within 5
weeks of the identified set date; however, this necessary but poorly
informed assumption likely underestimates delays, given potential de-
lays of 8-18 weeks for the other 5 entanglements in the dataset and the
fact that whale entanglements often go entirely unobserved, as in other
trap fisheries (Knowlton et al., 2016; Pace III et al., 2021). We also
assumed that management actions in response to a confirmed entan-
glement are delayed by a minimum of 2 weeks to allow time for the fleet
to collect already deployed gear (CDFW, 2020). Put together, we
modeled management actions triggered by entanglements as occurring 2
to 7 weeks after the initial entanglement.

2.4. Management strategies

We evaluated the performance of static and dynamic management
strategies for mitigating whale entanglement risk based on strategies
outlined by CDFW in its entanglement risk management plan, which
aims to limit humpback whales entanglements to fewer than nine every
three years, approximately a 50 % reduction relative to recent levels
(CDFW, 2020). Specifically, we evaluated static strategies that employ
season delays (Dec 15), early closures (Apr 1), and gear reductions and
dynamic strategies that trigger zonal closures or statewide gear re-
ductions based on either a confirmed entanglement (reactive manage-
ment) or results from a whale abundance survey (proactive management)
(Table S1). We evaluated static statewide gear reduction scenarios
ranging from a fully open (0 % of gear eliminated) to a fully closed
fishery (100 % of gear eliminated); however, we focused primarily on
the 10 %, 30 %, and 50 % reduction scenarios to illustrate tradeoffs over
realistic gear reduction percentages.

Dynamic management strategies employing zonal closures were
assessed using (i) the five risk management zones used to monitor and
mitigate humpback whale entanglement risk in the Dungeness crab
fishery (Fig. 1) and (ii) the ten risk management zones produced by
halving these zones (Fig. S17). Reactive management is triggered by a
confirmed entanglement. Proactive management follows the schedule of
the current management plan: surveys conducted on two-week intervals
beginning before Nov 1 inform the opening of the fishery between Nov
15-Dec 31 and monthly surveys conducted beginning before Mar 1 can
trigger closures from Mar 15-Jul 15. In the model, the actual survey
dates are randomized by +3 days in the fall and + 7 days in the spring to
mimic the potential impact of variable weather conditions. We opted not
to evaluate the abundance thresholds specified in the current manage-
ment plan, which we interpret to trigger management action in a zone
when fishing grounds (waters <100 fathoms deep) have >20 whales in
the fall or > 10 whales in the spring. Explorations of the species
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distribution model output indicate that these thresholds are nearly al-
ways exceeded (Fig. S18). Alternatively, these thresholds could be
interpreted as applying to a survey, but the absence of a specific and
consistent survey design renders fixed abundance thresholds nonsen-
sical. Instead, we triggered management action based on density
thresholds (Fig. S19) representing the 50th (0.020 whales/kmz), 70th
(0.025 whales/km?), 80th (0.030 whales/km?), and 90th (0.035
whales/km?) percentiles of whale density within zonal fishing grounds
(<100 fathoms deep; Fig. S11). Our simulated surveys represent a best
case scenario: surveys are conducted on schedule, in every zone, and
without error.

2.5. Performance metrics and robustness checks

We measured the performance of each management strategy relative
to a “no risk management” scenario using three metrics: (i) proportion of
catch landed; (ii) proportion of block-weeks open; and (iii) proportion of
whale-trap encounters prevented (Table S4). While revenues may be a
better indicator of fisheries performance than catch, we were unable to
model ex-vessel price, which depends on complex market dynamics
(Mao and Jardine, 2020). Fortunately, high correlation between fleet-
wide revenues and catches suggests that foregone landings is a useful
indicator of economic performance (Fig. S20). We evaluated the pro-
portion of whale-trap encounters prevented, rather than the total
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number of entanglements or the proportion of entanglements prevented,
because encounter rates directly underpin entanglement rates and are
modeled with greater certainty than entanglement rates, which are
highly stochastic and uncertain. For this reason, and because manage-
ment strategy evaluation models are best suited for evaluating the
relative rather than the absolute performance of alternative manage-
ment strategies (Punt et al., 2016), we could not directly assess perfor-
mance against policy goals to limit entanglements to fewer than nine
humpback whales every three years (CDFW, 2021; CDFW, 2020).

The static management strategies are deterministic and were only
run for a single iteration. The dynamic management strategies are sto-
chastic due to their dependence on entanglements, which are random-
ized in when they occur and are observed, and on whale surveys, which
are randomized in their timing; thus, we simulated the dynamic stra-
tegies for 50 iterations and averaged their performance metrics. Addi-
tionally, we evaluated the robustness of the management strategies to
season delays resulting from low meat quality and/or high biotoxin
contamination by simulating each season using four historical delay
timelines (Fig. S2): 2011-12 (identical to the 2012-13 and 2017-18
season delays), 2015-16, 2016-17, and 2018-19 (excluding the early
closure) (Fig. S3). The static management strategies were evaluated
using a single deterministic iteration and the dynamic management
strategies were evaluated using 10 stochastic iterations.
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Fig. 2. Tradeoffs among static and dynamic strategies for managing whale entanglement risk over nine commercial fishing seasons (2010-2018). Static management
closures are statewide whereas dynamic management closures are zonal. Boxplots indicate the distribution of seasonal performance metrics where the solid line
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3. Results

No management strategy performed best across all three perfor-
mance metrics (Fig. 2; Table S5). If preventing whale entanglements was
the only management objective, an 80 % entanglement-triggered gear
reduction would be the best management strategy (i.e., it prevents more
whale-trap encounters than any other strategy). Furthermore, this
strategy maintains an uninterrupted fishing season. However, it results
in more lost catch than any other static or dynamic management stra-
tegies. Additionally, gear reductions of this magnitude are unprece-
dented over the evaluated time period (Fig. 3B) and may not be
palatable to fishers or managers. If maximizing catch was the primary
objective, then a 10 % gear reduction would be the preferred strategy.
While the least restrictive survey-triggered closure and entanglement-
triggered gear reduction strategies produced marginally higher
catches, they resulted in shorter seasons and greater entanglement risk,
respectively, and would therefore be less preferable when integrating
across performance metrics. If maintaining an uninterrupted fishing
season were the primary objective, then the preferred strategy would
involve either static or entanglement-triggered gear reductions.

Among the evaluated management strategies, the 30 % gear reduc-
tion scenario arguably presents the best balance across the quantitative
performance metrics measured (Fig. 2). It maintains an uninterrupted
fishing season, maintains high catch, and prevents more entanglement
risk than all but the most dramatic (and unprecedented) static and
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dynamic gear reduction strategies. The relatively high performance of
the 30 % gear reduction scenario was consistent or heightened in sea-
sons with delayed openings due to biotoxin contamination or low meat
quality (Fig. S21-S25). Fig. 3A illustrates the tradeoff between the catch
maximization and risk prevention predicted by our model and could be
used to select the gear reduction size that most efficiently meets either
management target. In general, the model predicts that increasing gear
reductions disproportionately reduce entanglement risk relative to los-
ses in catch (i.e., the gains in entanglement risk prevention are larger
than the losses in catch resulting from gear reductions). These pre-
dictions are validated by dynamics observed during past fishing seasons
(Fig. 3B). For example, during the 2015-16 fishing season, we estimate
that approximately 50 % of the usual amount of gear was deployed, yet
nearly all of the expected catch was landed (i.e., 87 % of pre-season
legal-sized male crabs were landed; Fig. 3B). Although this season saw
high revenue losses despite landing the majority of expected catch, this
was due more to disruptions in season timing, price dynamics, and fleet
behavior more than to the indirect gear reduction (Fisher et al., 2021;
Holland and Leonard, 2020). However, it is important to note that gear
reductions extend the number of days required to achieve the same level
of catch (Fig. 3C).

To reduce entanglement risk more than the 30 % gear reduction
scenario, reactive dynamic management triggered by an observed
entanglement had to dramatically reduce gear (80 % gear reduction),
which significantly reduced seasonal catch and fishing opportunities
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(Figs. 2 & S26). Reactive management failed to efficiently reduce
entanglement risk because entanglements were rarely observed imme-
diately (0-5 week delay) and management actions in response to an
observed entanglement were implemented after a 2-week logistical
delay (Fig. S26A); thus, by the time actions were taken (2-7 weeks after
the original entanglement), more entanglements had often already
occurred (Fig. S26B) and the risk landscape had already shifted
(Fig. S27-S29). Gear reductions implemented after long logistical delays
were ineffective because effort is already so quickly reduced in this
derby fishery (Figs. 3C & $26C). Zonal closures implemented after long
delays were ineffective because whales had moved to different zones
(Figs. S27-529).

Proactive dynamic management triggered by observations from
whale abundance surveys was even less effective than reactive dynamic
management at reducing entanglements, though it was better at pre-
serving fishing opportunities and catch (Fig. 2). Furthermore, the per-
formance of survey-triggered management was highly sensitive to
survey design, management zone design, and the choice of the density
threshold for triggering management (Figs. 2, S26). We found that the
survey design (biweekly fall and monthly spring surveys) and zone
design (five large zones) currently being considered for managing whale
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entanglement risk would result in large-scale closures to the fishery
under a range of density thresholds (Figs. 2 & 4). The impacts of zonal
closures are not predicted to be geographically equitable, as the fishing
grounds of vessels leaving from ports in Zone 3 experienced more clo-
sures than all other ports (Fig. 4). Increasing the number of zones (i.e.,
decreasing the size of closures) would decrease the extent of closures
and reduce whale entanglement risk, but the gains are small relative to
gear reductions (Figs. S30).

4. Discussion

A perfect management strategy would eliminate the risk of whale
entanglements without economic impacts to the commercial fishing
fleet. However, tradeoffs between fishing effort and entanglement risk
imply that an optimal, though inherently imperfect, management
strategy will instead maximize fishing opportunity at a given level of
acceptable entanglement risk (Samhouri et al., 2021). Management
strategies can also be judged based on their cost effectiveness, enforce-
ability, equity, and robustness to variability or uncertainty. In this case,
an optimal strategy would be cheap and enforceable, would avoid
disproportionate impacts on any one sector of the fleet (e.g., small vs.
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large vessels, northern vs. southern home ports; Jardine et al., 2020),
and would reliably achieve these objectives across years and with un-
certain information on the distribution of whales and/or fishing effort.
Although we could not quantitatively evaluate all of these performance
criteria, we find that simple static gear reductions outperform complex
dynamic management approaches along many of these axes of
performance.

Gear reductions avoid uninterrupted seasons, have low predicted
impacts on fisheries catch (confirmed by historical observations), and
effectively prevent whale entanglement risk by directly reducing the
number of vertical lines in the water, among several other benefits. By
avoiding closures, gear reductions ensure that fishing is open during the
winter holidays when Dungeness crab, a West Coast holiday meal
tradition, is in high demand and fetches especially high prices (Mao and
Jardine, 2020; Ritzman et al., 2018), and during the spring season,
which is critical to smaller vessels that target Dungeness crab over the
whole season (Liu et al., 2023). Seary et al. (2022) predict that delayed
openings and early closures cost nearly $28 million in ex-vessel revenues
across the 2019-20 and 2020-21 California fishing seasons; gear re-
ductions would eliminate the contribution of entanglement-related
closures to such losses. Furthermore, gear reductions were robust to
delayed openings resulting from biotoxin contamination or low meat
quality, while early closures triggered by either static or dynamic
management severely compressed fishing opportunities in years with
delayed openings. Unlike proactive dynamic management, which re-
quires financial investment in whale surveys and a panel of experts to
regularly interpret the results of these surveys (CDFW, 2020), gear re-
ductions add no new management costs or complexity. Unlike strategies
employing zonal closures, gear reductions introduce no biases in the
geographical equity of entanglement risk management.

However, gear reductions will require careful deliberation and
stakeholder engagement to ensure equity and fairness. For example,
gear reductions could threaten economic viability for smaller vessels
with lower gear allotments, as these vessels are already the most
vulnerable to season delays and closures due to lower mobility and
higher specialization (Fisher et al., 2021; Jardine et al., 2020; Liu et al.,
2023). Furthermore, gear reductions could compromise economic
viability for all vessels by extending the number of days required to
achieve the same level of catch. A longer crab season duration not only
increases the costs associated with crab fishing but occupies time that
could otherwise be spent participating in non-crab fisheries (Fisher
et al., 2021; Liu et al., 2023). For example, Holland and Leonard (2020)
estimate that revenue losses from reduced effort in non-crab fisheries
during the 2015-16 disaster season were comparable to those from the
crab fishery, highlighting the importance of being able to participate in
multiple fisheries to many fishers (Fisher et al., 2021; Liu et al., 2023).
Finally, gear reductions may lower the resale value of crab permits,
which are transferable and currently have asking prices of US
$42,000-320,000 (Table S2) (Dock Street Brokers, 2023). These limi-
tations demand consideration as managers choose between alternative
strategies.

The ability for gear reductions to reduce entanglement risk with
minimal impacts on fishing opportunities has been reported in many
other trap fisheries. Riekkola et al. (2023) found that mandatory sum-
mer gear reductions in the Washington Dungeness crab fishery reduced
blue whale (Balaenoptera musculus) and humpback whale entanglement
risk by up to 20 % and 78 %, respectively, without a substantial negative
impact to fleet-wide revenue, landings, and catch-per-unit-efforts. Myers
and Moore (2020) found that gear reductions in the Maine lobster
(Homarus americanus) fishery would result in fewer right whale (Euba-
laena glacialis) entanglements and equal, if not higher, fishery revenues.
Relatedly, gear modifications that reduced the amount of line per trap
lowered humpback whale entanglements in the Western Australia rock
lobster (Panulirus cygnus) fishery by >25 %, without substantial eco-
nomic impacts to the fishery (How et al., 2021). These studies collec-
tively illustrate the promise for simple management approaches to
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balance complex fisheries and conservation tradeoffs.

Ultimately, the entanglement of endangered species in fixed-gear
fisheries poses a unique challenge to dynamic ocean management. In
contrast to fisheries that use mobile gear (e.g., trawls, seines), fisheries
that use fixed gear, which is set, soaked, and retrieved later (e.g., traps,
gillnets, longlines), cannot as quickly and cost-effectively relocate gear
in response to bycatch risk. This is especially true for trap fisheries,
which rely on long soak times (1-4 days) that can become even more
extended during periods of unfavorable weather. This means that the
risk landscape has shifted by the time actions are taken to relocate
fishing effort. In the worst case scenario, this can lead to fishing effort
getting concentrated in areas of even higher whale densities. Further-
more, traps are left to soak unattended, which hinders rapid entangle-
ment response times, unlike in mobile-gear fisheries or in fixed-gear
fisheries in which soak times are short and gear is monitored. As a result,
most confirmed entanglements are observed on large delays, further
undermining the relevance and effectiveness of reactive management
triggered by entanglements. The bycatch of endangered species further
magnifies challenges for dynamic ocean management as the entangle-
ment of even a few individuals can threaten population health or risk
widespread fishery closures. In California, for example, three confirmed
humpback whale entanglements in commercial Dungeness crab fishing
gear would trigger the statewide closure of the fishery (CDFW, 2020). As
a result, entanglement-triggered management could disincentivize
fishers from reporting entanglements (e.g., >21 % of confirmed whale
entanglements in 2016 were reported by fishers; Saez et al., 2020),
which could reduce whale entanglement response rates and increase
injury and mortality from entanglements.

Although the dynamic management strategies performed no better
than simpler static management strategies, there may be opportunities
for new dynamic management approaches to generate better outcomes.
First, due to the coarse spatial resolution of our fleet dynamics model
(18 x 18 km fishing blocks), we were unable to evaluate fine-scale
spatial closures such as depth-based closures, which are identified as a
potential management response in the current management plan
(CDFW, 2021; CDFW, 2020) and were used for the first time in the
2022-23 season. Although Samhouri et al. (2021) found that closing
fishing grounds inside 30 fathoms would have exacerbated entangle-
ment risk during the 2014-16 marine heatwave, exploration of alter-
native depth-based management triggers and actions could yield more
promising results. Second, we did not evaluate the potential for near
real-time forecasts of whale distributions (e.g., as operationalized for
West Coast blue whales; Hazen et al., 2018) to guide either dynamic
mandated closures or voluntary avoidance of whale hotspots. Although
simulation exercises suggest that such strategies are theoretically
effective (Dunn et al., 2016), their real-world efficacy will depend on the
accuracy of the forecast, behavior of fishers in response to forecasts,
ability of fishers to respond to forecasts in a timely manner, and the
regulatory appetite for implementing and enforcing complex regulations
or for relying on voluntary actions.

More regular whale abundance surveys and smaller management
zones may represent a more viable and effective dynamic management
strategy, but would also increase management complexity and expense.
Furthermore, surveys depend on favorable weather conditions, which
can limit timeliness. If proactive risk management based on whale
abundance surveys is to remain a tool in this fishery, it will be more
effective with fiscal support for systematic surveys with abundance
thresholds pegged to the survey design. Currently, surveys are ad-hoc,
insecurely funded, and appear to be interpreted based on the number
of whales observed in the survey rather than on the number of whales
that the survey extrapolates to the management zone (CDCFGWG,
2020). The latter is illogical because survey designs are inconsistent:
despite identical whale abundances, a survey with greater coverage or
detectability will observe more whales, on average, than a survey with
lower coverage or detectability. To avoid arbitrary management de-
cisions, managers should consider adopting a standardized survey
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design and/or by density-based thresholds that are less sensitive to
survey design. Management strategy evaluations, such as the one pre-
sented here, provide a useful tool for evaluating the performance of
potential survey designs, density thresholds, and management zone ar-
rangements (Smith et al., 2021) and for anticipating whether the ben-
efits of increased complexity outweigh the costs (e.g., Mangin et al.,
2018).

To be successful, future scientific research and management de-
cisions should consider the distributional impacts and equity of alter-
native bycatch avoidance strategies. The Dungeness crab fishing fleet
comprises many vessel sizes, permit tiers, portfolio strategies, and home
ports; preferred management strategies that avoid or minimize dispro-
portionate impacts on any one sector of the fleet are likely to be better
received than those that favor some sectors over others. Lessons from
historical closures and predictions from our simulation model can
partially inform these considerations. Fisher et al. (2021) found that
northern region fishing communities were more disrupted by the
2015-16 closures than central region fishing communities due to their
comparably higher reliance and specialization on Dungeness crab. Jar-
dine et al. (2020) and Fisher et al. (2021) both found that smaller vessels
(<40 ft) were more impacted by closures than larger vessels due to their
lower profit margins and mobility. Although our model does not simu-
late vessel-level dynamics and therefore cannot capture vessel-level
impacts of alternative management strategies, it suggests that zones 3,
4, and 5, which correspond to the fishing grounds of Bodega Bay/San
Francisco, Monterey, and Morro Bay, would receive the most extensive
closures based on current regulations (Fig. 4). Key expansions in future
modeling efforts may include (i) collaborating with stakeholders to
identify performance metrics that capture the equity of alternative
strategies and (ii) leveraging agent-based modeling approaches (Burgess
et al., 2020) to understand the impacts of management on subsets of the
Dungeness crab fleet.

Fishery resources are nested within complex social-ecological sys-
tems and support diverse stakeholders with varied, and sometimes
competing, values and objectives. Climate change is disrupting these
complex social-ecological systems through well-documented challenges
such as shifting distributions, productivity, phenology, and life history
(IPCC, 2019) and through emerging challenges such as increasing
harmful algal blooms and marine heatwaves (Santora et al., 2020) that
are now commonly triggering federally-declared fishery disasters
(Bellquist et al., 2021). In many cases, these complex challenges will
require complex solutions (Lewison et al., 2015), fueled by rapidly
growing data availability and analysis capacity (Leape et al., 2020).
However, simple solutions may sometimes most cheaply and effectively
address conservation challenges with complex tradeoffs. Furthermore,
simple solutions can be effective placeholders while more complex
measures are developed and proven effective (Wiedenmann et al.,
2019). However, there are no “silver bullet” solutions to complex social-
ecological problems and management strategy evaluation presents the
opportunity to weigh the costs and benefits of alternative approaches
(Punt et al., 2016), simple or complex.
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