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Abstract

Mathematical and statistical models underlie many of the world's most important

fisheries management decisions. Since the 19th century, difficulty calibrating and fit-

ting such models has been used to justify the selection of simple, stationary, single‐

species models to aid tactical fisheries management decisions. Whereas these justifi-

cations are reasonable, it is imperative that we quantify the value of different levels

of model complexity for supporting fisheries management, especially given a changing

climate, where old methodologies may no longer perform as well as in the past. Here

we argue that cost‐benefit analysis is an ideal lens to assess the value of model com-

plexity in fisheries management. While some studies have reported the benefits of

model complexity in fisheries, modeling costs are rarely considered. In the absence of

cost data in the literature, we report, as a starting point, relative costs of single‐species

stock assessment and marine ecosystem models from two Australian organizations.

We found that costs varied by two orders of magnitude, and that ecosystem model

costs increased with model complexity. Using these costs, we walk through a
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hypothetical example of cost‐benefit analysis. The demonstration is intended to cata-

lyze the reporting of modeling costs and benefits.

K E YWORD S

ecosystem modeling, fisheries modeling, modeling costs, population dynamics, stock
assessments, tactical decision-making

1 | INTRODUCTION

Both simple and complex models provide major societal benefits. They

allow us to make more objective, less biased decisions (McCarthy

et al., 2004), which can produce better outcomes than decisions based

only on subjective judgment (Czaika & Selin, 2017; Holden &

Ellner, 2016). But despite their clear benefits, when it comes to high-

stakes decision-making, both simple and complex models carry serious

costs. Simple models are often unable to predict unexpected perverse

outcomes caused by human action. From the collapse of fisheries to

financial markets, the blind use and misapplication of simple models

have sometimes backfired (Stewart, 2012; Walters & Maguire, 1996).

Conversely, large complex models can be challenging to implement,

calibrate, and interpret. Although they are capable of foreshadowing

unexpected outcomes, their predictions can be inaccurate due to both

overfitting limited datasets and their sensitivity and instability in

response to small perturbations in parameter values, model structure,

and initial conditions. Complex models, therefore, require consider-

able resources to refine and calibrate before they provide sensible

output. Given these drawbacks and potential benefits of model com-

plexity, how complex should models be? In the case of fisheries, cli-

mate and other environmental drivers are changing, which means that

ignoring nonstationarity and ecosystem interactions could lead to

poor management outcomes. Now more than ever is the time

to revisit this question for fisheries management.

For this paper, we will focus on ecosystem models, which we

define as models that represent interactions among ecosystem com-

ponents and processes (Geary et al., 2020). Ecosystem models are

often highly complex as they have many state variables, parameters,

and non-linear feedbacks and interactions. Although models used by

fishery management agencies are often complicated (e.g., an age-

structured model with many parameters and state variables), they are

still typically single-species population models (Skern-Mauritzen

et al., 2016) with few sources of non-linear interactions (Figure 1a,b).

Historically, only 2 of 1250 publicly available marine fish stock assess-

ments from the USA, Australia, and 22 international fishery bodies

included dynamic, two-way feedbacks between two or more species

(Skern-Mauritzen et al., 2016), and only 24 (2%) incorporated ecosys-

tem components as independent or external variables rather than

feedbacks. Some researchers have advocated for the use of ecosys-

tem models to provide strategic context to fisheries and thereby

improve resource management (Fletcher et al., 2010; Fulton

et al., 2014). However, the uncertainty around model outputs and the

high costs of collecting the necessary data to constrain these models

make the tactical use of quantitative, whole ecosystem-based stock

assessments for annual decisions infeasible in most instances.

Although both single-species and ecosystem models have been

used successfully for considering a mix of management levers to sup-

port sustainable fisheries (Costello et al., 2016; Fulton et al., 2014;

Hilborn & Ovando, 2014; Plagányi et al., 2014), clear guidance on

which type of model to use in what circumstances would be valuable.

This is especially the case with climate change undermining the funda-

mental stationarity assumptions of simple models and potentially

reducing their predictive power (Karp et al., 2023; Szuwalski &

Hollowed, 2016). Complex models with interactions may become

increasingly relevant as they can include climate inputs reflecting bio-

physical fisheries drivers (Blamey et al., 2022; Thorson et al., 2019).

However, there are often competing pressures from different stake-

holders to both simultaneously reduce cost and add complexity. Here

we propose that cost–benefit analyses can help guide decisions con-

cerning model complexity for fisheries management. In the absence of

cost data in the literature, we report relative costs of single-species

and marine ecosystem models from two Australian organizations.

Using these costs, we walk through a hypothetical example of cost–

benefit analysis. The demonstration is intended to catalyze the report-

ing of modeling costs and benefits.

2 | THE BENEFITS AND COSTS OF MODEL
COMPLEXITY

The value of model complexity has two parts: (1) benefits achieved

from implementing a more complex model and (2) costs of implement-

ing the added complexity. To justify the use of a complex model over

a simple one, benefits must outweigh costs.

Benefits of fisheries modeling may be economic (e.g., increased

yield, profit, and employment), environmental (e.g., increased biodiver-

sity or averted greenhouse gas emissions), social (e.g., mental health

and culture), and/or scientific (e.g., research innovation). The use of a

more complex model could lead to such benefits through improved

accuracy of predictions (Hellweger, 2017) and increased system

understanding, leading to better management decisions. For example,

increasing complexity in a single-species model through demographic

structure (Figure 1b) can identify cohort-specific depletion, indicating

risks that would otherwise go unnoticed when modeled purely as bio-

mass (Tahvonen, 2008). Similarly, ecosystem models can identify risks

of stock degradation through interactions between species and the

environment. Such ecosystem models often lead to recommendations
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that can increase long-run catch when harvested species interact with

other species on similar time scales (Burgess et al., 2016), time-varying

exogenous variables drive the system (Burgess et al., 2016), or many

species contribute substantially to the total catch within a region

(Fulton et al., 2018).

Certain levels of complexity are also required to address specific

benefits or answer specific management questions (Hannah

et al., 2010). For example, management questions concerning main-

taining biodiversity require multispecies models or at least aggregate

indicators of diversity (Fulton et al., 2003; Geary et al., 2020). Addi-

tionally, in both single-species and ecosystem models, spatial structure

is important when there are concerns regarding localized depletion

and/or spatial heterogeneity in biological parameters, harvest trends,

or fishing regulations (Punt, 2019). Such models may be required to

make decisions at fine spatial scales or to see different decisions or

management levers used in different locations, to increase sustain-

able, long-term catch over the whole fishery.

It is important to note that adding model complexity can also

decrease benefits in fisheries (Puy et al., 2022). For example, if there

is insufficient fundamental understanding of the dynamic processes

underpinning the structure of a complex model, if there are insuffi-

cient data to match the model's complexity, or if the model is poorly

constructed, models could produce inaccurate predictions or be

sensitive to moderate structural or data changes. Alternatively, simple

models can also result in poor management outcomes, resulting in

decreased benefits, such as lost catch and revenue over time

(Dichmont et al., 2017). Note that there are usually low benefits of

doing no modeling, due to foregone catch or increased risk of stock

degradation and ecosystem collapse (Dichmont et al., 2017; Holden &

Ellner, 2016).

Costs of any model include the cost of building, refining, fitting,

calibrating, running, and analysing the model, and interpreting model

outputs. There are also less-obvious costs, such as for acquiring the

underlying knowledge to build the model, collecting and processing

data for parameterizing and fitting, and communicating complex

model results to stakeholders. Typically, we would expect more com-

plex models to be more costly in all these aspects, due to the

increased time and more specialized skills required. Complex models

may also have higher ongoing future costs, including to maintain the

computer code and collect and analyze more data to validate previous

outputs. For this paper we consider opportunity cost, such as unrea-

lized catch (Dichmont et al., 2017), as a negative or reduced benefit,

because some negative benefits may not be easily expressed in mone-

tary units. It is also noteworthy that the costs of developing complex

models are decreasing due to co-ordinated global efforts to share

code and platforms, as well as new modular stock assessment

F IGURE 1 Hypothetical fishery models with an indicative idea of the associated levels of complexity displayed in each diagram along three
axes that reflect the number of (1) state variables, (2) parameters, and (3) non-linear terms. In these examples, density dependence (a-e),
demographic structure (b,e), interactions among taxonomic groups (d,e), biophysical drivers (d,e), temporal variability (d,e), spatial connectivity (e),

and human behavior (e) are common mechanisms leading to increased complexity. Of these five models, only (d) and (e) meet our definition of
ecosystem models, because the model in (c) does not have species interactions. Note that the number of parameters and non-linear terms for
each model type can vary by orders of magnitude depending on the application; the numbers in this figure are only indicative.
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frameworks under development that will also support the incorpora-

tion of ecosystem and climate effects (see, e.g., Punt et al., 2020).

A key impediment to deciding between ecosystem and single-

species models is the unknown costs of unfamiliar approaches.

Knowledge of modeling costs is often hidden in confidential contracts

between fisheries organizations and their clients and stakeholders.

Therefore, we report cost ranges for implementing three types of

models, each with differing complexity, at two Australian fisheries sci-

ence organizations, Fisheries Queensland and the Commonwealth

Scientific and Industrial Research Organization. The model types con-

sidered include single-species stock assessment models (Figure 1a,b),

multispecies Models of Intermediate Complexity for Ecosystem

assessments (MICE, e.g., Figure 1d), and complex ecosystem models

(Atlantis, e.g., Figure 1e). MICE typically have 3–10 interacting compo-

nents that capture the essential aspects of the system and are for-

mally fitted to data (Plagányi et al., 2014; Thorson et al., 2019).

Atlantis is a detailed, complex, ecosystem model, typically with hun-

dreds of components, including the option to model spatial, temporal,

environmental, ecological, biophysical, and/or socioeconomic pro-

cesses and interactions (Fulton et al., 2011). In the cost ranges that

we report for each type of model, we included the costs of labor asso-

ciated with data processing, model construction and analysis, and

reporting. Other costs, such as data collection, data entry, or ongoing

costs, are not included. This is important to note, as it is often difficult

to separate modeling from data collection costs because each type of

model chosen (or whether a stock assessment will be done) can

depend on the available data.

Across the two organizations, single-species stock assessment

modeling costs varied by an order of magnitude between projects

(0.24–2.66 times the median stock assessment cost, Figure 2). Atlantis

was between 6.3 and 42 times the cost of implementing a typical

single-species stock assessment model (for a first implementation to a

specific fishery, Figure 2). MICE were 1.6–11.6 times as expensive as

a typical stock assessment model, but the cheapest MICE was cheaper

than the most expensive single-species stock assessment model (see

bar overlap in Figure 2).

Importantly, the aforementioned cost ranges include model devel-

opment costs, which are especially substantial for complex bespoke

models. Ongoing costs of both single-species and ecosystem models

can also be substantial due to the time required to process and fit the

existing models to new data. However, if the purpose of a model is

data-free scenario analysis, there may be much lower ongoing costs

to rerun these models without incurring the development cost again.

In both cases, the cost of future modeling can decrease due to histori-

cal investment and expertise gained.

3 | ASSESSING POTENTIAL BENEFITS
RELATIVE TO COSTS

Given a set of benefits and costs, the value of model complexity can

be defined in several ways. It could be an explicit function of the ben-

efits and costs, such as benefit minus cost or benefit divided by cost.

The goal would then be to choose the model that maximizes this func-

tion. If benefits can be easily translated into economic currency

(e.g., catch), then benefit minus cost would be appropriate, as it repre-

sents the total economic gain from the model. However, for benefits

not easily translated into money, the ratio may be more appropriate,

and units would be benefit per dollar spent. For example, the

expected number of at-risk species recovered or maintained above a

predefined threshold per dollar spent is interpretable without convert-

ing species recovered into dollars. This could allow fisheries scientists

and decision-makers to quantify the value of any combination of per-

formance indices such as biodiversity, resilience to stock collapse, or

socioeconomic benefits.

Ranking management actions based on functions of costs and ben-

efits is a common way of informing environmental decisions con-

strained by limited budgets (e.g., Castonguay et al., 2023; Hanson

et al., 2019; Timms & Holden, 2024) and is increasingly used to inform

several aspects of fisheries management. For example, several studies

have analyzed costs and benefits of implementing broad management

strategies (Changeux et al., 2001; Dowling et al., 2013; Erm

et al., 2023; Mangin et al., 2018; McGowan et al., 2018) and of col-

lecting better and more frequent biological data (Bisack &

Magnusson, 2014; Dennis et al., 2015; Hutniczak et al., 2019;

Prellezo, 2017; Punt et al., 2002).

However, we are aware of only one study that examines both

costs and benefits of modeling approaches. Dichmont et al. (2017)

considered outcomes resulting from the application of single-

species assessment models of different complexities in a mixed

fishery. They found that the benefit of age-structured integrated

models and associated data outweighed both the cost of imple-

menting the more complex models and the cost of collecting the

required data to parameterize them. Simple methods reduced ben-

efits through (1) degraded stock states and associated foregone

F IGURE 2 Modeling cost ranges from across Fisheries
Queensland (FQ) stock assessments and Commonwealth Scientific
and Industrial Research Organization's (CSIRO) fisheries modeling
contracts, relative to median stock assessment modeling costs. Single-
species models include surplus production models all the way through
to more complex, spatial, age-structured models. Ecosystem models
include Models of Intermediate Complexity for Ecosystem assessment
(MICE) and one of the world's most complex ecosystem modeling
frameworks (Atlantis). Cost is for modeler labor associated with data
processing, model construction, analysis, and reporting.
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future catch, valued at orders of magnitude larger than explicit

assessment costs; or (2) the need for precautionary harvest rules

to account for simple assessment uncertainty, leading to unrea-

lized catch. Either way, model complexity benefits outstripped

costs. Note, however, that Dichmont et al. (2017) did not separate

the costs and benefits of collecting the data to parameterize the

more complex models from the modeling costs, and they did not

consider ecosystem models (e.g., Figure 1d,e). Furthermore, this

type of cost–benefit analysis is strictly in monetary units, which

may be inappropriate for quantifying many of the benefits of eco-

system modeling.

Rather than converting benefits to monetary units and simply

subtracting or dividing benefits and costs, an alternative approach

would be to consider the benefit of each model against its associated

cost. The boundary (highest benefit) at each cost value forms a Pareto

frontier (Castonguay et al., 2023), which allows stakeholders to weigh

trade-offs between costs and benefits. The shape of this frontier

would differ depending on the objectives and models considered,

especially for benefits not easily translated into monetary units, such

as effects on at-risk biodiversity or human well-being. If costs and

benefits can be subdivided into two categories—benefits easily trans-

lated into monetary units and benefits not easily translated into mon-

etary units—the cost–benefit analysis can be visualized as a trade-off

curve (Pareto frontier) between nonmonetary and monetary benefits.

This allows managers and stakeholders to examine their own trade-

offs between costs and benefits, regardless of units. There has been

an increasing uptake of such multicriteria decision analysis approaches

to compare the benefits of fisheries management decisions (Bisack &

Magnusson, 2014; Pascoe et al., 2019; Pascoe et al., 2023). However,

they have yet to be used to explore the benefits and costs of different

modeling frameworks.

We illustrate how such approaches can be used to compare the

costs and benefits of model complexity for fisheries management by

working through a hypothetical example using our relative cost data

from Figure 2. In this example, consider an ecosystem with an unhar-

vested predator, a targeted forage fish, a by-catch species, and several

species that may be indirectly affected by fishing due to interactions.

Now consider a fisheries modeler who informs a harvest rule recom-

mendation for this fishery. The modeler might, for example, use a pro-

duction model for the target species (Figure 1a), and hypothetically

the recommended harvest could deplete the fishery due to a lack of

time lags and demographic structure. Alternatively, the modeler might

perform an age-structured stock assessment (Figure 1b), leading to

high values of sustainable harvest but hypothetically still leaving the

more sensitive by-catch species heavily depleted below B20, defined

as 20% of biomass-carrying capacity. B20 is the lower-limit biomass

reference point for Australian fisheries harvest policies. Pairing a pro-

duction model for the by-catch species (Figure 1c) with either the

age-structured or single-species production model for the harvest

species might rescue the by-catch species above B20, but this does

TABLE 1 Costs and hypothetical benefits of fisheries models used for the cost–benefit analysis example in Figure 3.

Model Model cost ($100k) Value of catch ($100k) Number of species conserved >B20

Production 0.3 15 0

Two-species production 0.6 35 2

Age structure 1.0 50 1

Age structure + by-catch 1.3 48 2

MICE 3 45 3

Complex ecosystem model 15 40 4

Note: Relative model costs are scaled in line with relative costs as in Figure 2. Gray shading in the first column corresponds to the shading of the circles in

Figure 3.

Abbreviation: MICE, Models of Intermediate Complexity for Ecosystem assessment.

F IGURE 3 Pareto trade-off frontier for the hypothetical fishery

presented in Table 1. Dark circles represent the benefits of low-cost
simple models, and the white circle represents the benefits of
developing a complex ecosystem model. The light-gray circles on the
dashed curve are models of medium levels of complexity (age
structure + by-catch and MICE [Models of Intermediate Complexity
for Ecosystem assessment]).
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not account for indirect effects of fishing, potentially leaving other

species vulnerable or leading to dynamics opposite to what results

from non-linear indirect effects (Table 1, last column, rows 2 and 4).

For example, if the modeler developed an ecosystem model of inter-

mediate complexity (Figure 1d) including the predator, the person

might have recognized that harvest needed to be reduced further to

keep the predator above B20 (assuming for simplicity that the same

reference levels are appropriate for each species, Table 1, last column,

row 5). Finally, in this hypothetical example, if the modeler developed

an even more complex ecosystem model, the person might have

uncovered an unexpected, additional vulnerable species that could

decline below B20 through non-linear indirect links down the trophic

chain. We use the cost ratios between different modeling approaches

(Figure 2) along with hypothetical long-term values of catch (Table 1,

column 3) to enumerate our example. We then use this table to walk

through a hypothetical cost–benefit analysis (Figure 3).

With values for benefits and costs in hand, one can do a cost–

benefit analysis. In the hypothetical case here, we recommend the

trade-off analysis where one plots benefits minus costs in monetary

units against the number of species rescued. In Figure 3, a manager

concerned only about the monetary gains would select an age-

structured assessment (left endpoint of the dashed Pareto frontier in

Figure 3). However, one could save one and two more species, with

little sacrifice to monetary gains by either adding a by-catch produc-

tion model or developing a MICE, respectively (light-gray circles in the

middle of the dashed Pareto frontier in Figure 3). At an added cost,

the modeler could further identify a harvest rule that saves an addi-

tional species by conducting a more complex ecosystem model (white

circle on the Pareto frontier in Figure 3). In this hypothetical example,

one and two-species production models are dominated modeling

strategies that sit below the optimal Pareto frontier. The single-

species production model leads to both low monetary benefits (due to

low catch) and zero species saved. The two-species production model,

while saving two species, could be improved, by increasing the mone-

tary value (with no sacrifice to species saved, moving vertically in

Figure 3) or increasing the number of species above B20 (with no sac-

rifice to monetary value, moving to the right, and up, in Figure 3).

These two improved outcomes are achieved by adding age structure

to the target species model or by developing a MICE, respectively.

Whether to use an age-structured model, an age structured model

paired with a by-catch model, a MICE, or a complex ecosystem

model would depend on how the stakeholder values monetary gains

versus species saved.

It is important to emphasize that fisheries scientists and managers

may have a great deal of uncertainty in all quantities presented in

Table 1 and Figure 3 for real-world fisheries. However, managers can

adjust values in the table and see how the circles move around in

Figure 3. Doing so, before models are ever built or run, may still be

able to suggest which models are likely to be most cost-effective.

Often dominated strategies (those not on the Pareto frontier) that will

perform poorly on all measures (e.g., the production and two-species

production model in Figure 3) are robust to major deviations in the

problem specification. Just as how walking through the assumptions

and the logic behind a model is beneficial, independent of the model,

the same is true for structured decision-making. Walking through

cost–benefit analysis logic can be valuable, even if benefits and costs

are largely unknown.

4 | CONCLUSION

Debates around best practices for incorporating model complexity are

common (Karp et al., 2023). Recommendations include stepwise addi-

tion of model complexity, and only increasing complexity when justi-

fied (e.g., by the fit to the data), and use of simpler models if available

data are noisy (Yearsley & Lettenmaier, 1987). The few fisheries stud-

ies that have tested model complexity against field data suggest that

intermediate levels of complexity predict future data best (Fulton

et al., 2003; Håkanson, 1995). But the focus has been largely around

precision and accuracy rather than management outcomes (Fulton

et al., 2019).

Improved precision and accuracy resulting from appropriate

model complexity (Håkanson, 1995) could improve management out-

comes. For example, managers often make conservative decisions to

protect a fish stock given high levels of uncertainty (Mildenberger

et al., 2022). Reducing uncertainty through better data or models

could lead to less precautionary management decisions that in turn

increase the profitability of the fishery (Holzer, 2017). However, it is

important to note that improved accuracy and precision of predictions

do not always lead to better management (Boettiger, 2022). Even

when they do, such improvements can come at a substantial cost.

We argued here that the value of model complexity should be

examined relative to costs and have encouraged reporting of costs

and benefits of modeling for fisheries management. Such transpar-

ency could allow agencies to better understand how modeling sup-

ports and addresses management needs and could also inform best

practices in the industry. To help facilitate the use of cost–benefit

analysis in fisheries modeling, we recommend the following steps.

Step 1: define objectives (benefits) and possible actions (manage-

ment decisions). The choice of model will depend on the questions of

interest, objectives, and available policy options. Quantifiable metrics

for benefits could include economic metrics, such as revenue, or num-

ber of employed fishers. Metrics could also be environmental, for

example, number of species conserved over a threshold target, geo-

metric or arithmetic mean of species abundances or biomasses (Erm

et al., 2023), total carbon emissions (Castonguay et al., 2023), or pollu-

tion averted. Other metrics could even focus on research benefits

such as new hypotheses generated for refinement and testing, total

grant revenue awarded, number of citations, or new software devel-

oped. Some benefits such as cultural and social ones may be harder to

quantify.

Step 2: identify available data and a set of candidate models.

Some models may require more data to be reliably parameterized.

However, even overly complex or overfit models may be helpful for

scenario analysis. It is important to reflect on whether more data are

needed to achieve the objectives. We have largely focused on the
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perspective of a need for modeling in the absence of control over

what data are available. However, in an ideal scenario, candidate

models could be considered in tandem with the decision to collect

more data. In some cases, extensive data collection may be more

important than model choice, as highly informative data can yield

cost-effective simple harvest control rules.

Step 3: reflect on likely costs and feasibility of model implementa-

tions. Choose one or more modeling frameworks to meet objectives

most effectively relative to budget constraints. Ideally this selection

would include a consideration of both costs and benefits using formal

cost–benefit analysis. It is important to note that in many cases it

would be costly and logistically unreasonable to build, run, and ana-

lyse every candidate model. There are methods to help conduct such

analyses without having to run such models, for example, via expert

elicitation workshops (Pascoe et al., 2019). However, if management

agencies reported costs and benefits achieved from modeling, anyone

could do a hypothetical cost–benefit analysis quickly and cheaply

using costs and benefits reported in the literature.

Step 4: report costs and benefits (in terms of the stated objec-

tives) of each approach attempted (even if only one approach is

attempted). Predicted benefits could be generated by projecting

models forward under new recommended decisions and comparing

benefit metrics (see step 1) to outputs from the models run under

business-as-usual or model-free scenarios.

Step 4 is perhaps the most important. Often fisheries managers

and agencies do not know precise modeling costs going into a project,

especially if they are deciding among a suite of candidate models. Sim-

ilarly, benefits of different modeling approaches are often highly

uncertain. In fact, the reason why our example in Figure 3 is hypothet-

ical is that we are aware of no study that has ever reported simulta-

neously, both the costs and benefits of using a model. Many agencies

would benefit from the known capacity of models of a specific type to

deliver reliable cost-effective results for the question being asked.

Fisheries science focuses on achieving more for less—higher yields,

better outcomes for ecosystems, and increased sustainability. Using

cost–benefit analysis to examine the value of complex models will fur-

ther the pursuit of efficiency into fisheries modeling practice.

AUTHOR CONTRIBUTIONS

M.H. Holden conducted the analysis and wrote the paper with sub-

stantial input from all authors. E.P. and E.F. provided relative cost data

from CSIRO modeling contracts. A.C., R.J., R.L., and M.W. provided

QLD Department of Agriculture and Fisheries stock assessment cost

data. M.M. produced Figure 1. All authors reviewed and edited the

manuscript.

ACKNOWLEDGMENTS

We thank Michael Bode for valuable discussions that improved this

manuscript.

FUNDING INFORMATION

Funding was provided by the Australian Research Council grant

DE190101416.

CONFLICT OF INTEREST STATEMENT

The authors have no conflicts of interest.

DATA AVAILABILITY STATEMENT

Raw cost data are sensitive and provided in private legal contracts

between organizations and their clients. However, relative cost ranges

are directly shown in Figure 2.

ORCID

Matthew H. Holden https://orcid.org/0000-0001-5135-9433

REFERENCES

Bisack, K. D., & Magnusson, G. (2014). Measuring the economic value of

increased precision in scientific estimates of marine mammal abun-

dance and by-catch: Harbor porpoise Phocoena phocoena in the

northeast US gill-net fishery. North American Journal of Fisheries Man-

agement, 34(2), 311–321.
Blamey, L. K., Plagányi, �E. E., Hutton, T., Deng, R. A., Upston, J., &

Jarrett, A. (2022). Redesigning harvest strategies for sustainable fish-

ery management in the face of extreme environmental variability. Con-

servation Biology, 36(3), e13864.

Boettiger, C. (2022). The forecast trap. Ecology Letters, 25(7), 1655–1664.
Burgess, M. G., Giacomini, H. C., Szuwalski, C. S., Costello, C., &

Gaines, S. D. (2016). Describing ecosystem contexts with single-

species models: A theoretical synthesis for fisheries. Fish and Fisheries,

18, 264–284.
Castonguay, A. C., Polasky, S. H., Holden, M., Herrero, M., Mason-

D'Croz, D., Godde, C., Chang, J., Gerber, J., Witt, G. B., Game, E. T. A.,

Bryan, B., Wintle, B., Lee, K., Bal, P., & McDonald-Madden, E. (2023).

Navigating sustainability trade-offs in global beef production. Nature

Sustainability, 6(3), 284–294.
Changeux, T., Bonnieux, F., & Armand, C. (2001). Cost benefit analysis of

fisheries management plans. Fisheries Management and Ecology, 8(4–5),
425–434.

Costello, C., Ovando, D., Clavelle, T., Strauss, C. K., Hilborn, R.,

Melnychuk, M. C., Branch, T. A., Gaines, S. D., Szuwalski, C. S.,

Cabral, R. B., Rader, D. N., & Leland, A. (2016). Global fishery prospects

under contrasting management regimes. Proceedings of the National

Academy of Sciences of the United States of America, 113(18), 5125–
5129.

Czaika, E., & Selin, N. E. (2017). Model use in sustainability policy making:

An experimental study. Environmental Modeling and Software, 98,

54–62.
Dennis, D., Plagányi, �E., Van Putten, I., Hutton, T., & Pascoe, S. (2015).

Cost benefit of fishery-independent surveys: Are they worth the

money? Marine Policy, 58, 108–115.
Dichmont, C. M., Fulton, E. A., Gorton, R., Sporcic, M., Little, R. L.,

Punt, A. E., Dowling, N., Haddon, M., Klaer, N., & Smith, D. C. (2017).

From data rich to data-limited harvest strategies—Does more data

mean better management? ICES Journal of Marine Science, 74,

670–686.
Dowling, N. A., Dichmont, C. M., Venables, W., Smith, A. D. M.,

Smith, D. C., Power, D., & Galeano, D. (2013). From low- to high-value

fisheries: Is it possible to quantify the trade-off between management

cost, risk and catch? Marine Policy, 40(1), 41–52.
Erm, P., Balmford, A., & Holden, M. H. (2023). The biodiversity benefits of

marine protected areas in well-regulated fisheries. Biologicals Conserva-

tion, 284, 110049.

Fletcher, W. J., Shaw, J., Metcalf, S. J., & Gaughan, D. J. (2010). An ecosys-

tem based fisheries management framework: The efficient, regional-

level planning tool for management agencies. Marine Policy, 34(6),

1226–1238.

HOLDEN ET AL. 1673FISH
 10958649, 2024, 6, D

ow
nloaded from

 https://onlinelibrary.w
iley.com

/doi/10.1111/jfb.15741 by SE
A

 O
R

C
H

ID
 (T

hailand), W
iley O

nline L
ibrary on [13/11/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://orcid.org/0000-0001-5135-9433
https://orcid.org/0000-0001-5135-9433


Fulton, E. A., Bulman, C. M., Pethybridge, H., & Goldsworthy, S. D. (2018).

Modeling the great Australian bight ecosystem. Deep Sea Research Part

II: Topical Studies in Oceanography, 157–158, 211–235.
Fulton, E. A., Link, J. S., Kaplan, I. C., Savina-Rolland, M., Johnson, P.,

Ainsworth, C., Horne, P., Gorton, R., Gamble, R. J., Smith, A. D. M., &

Smith, D. C. (2011). Lessons in modeling and management of marine

ecosystems: The Atlantis experience. Fish and Fisheries, 12(2), 171–188.
Fulton, E. A., Punt, A. E., Dichmont, C. M., Harvey, C. J., & Gorton, R.

(2019). Ecosystems say good management pays off. Fish and Fisheries,

20(1), 66–96.
Fulton, E. A., Smith, A. D. M., & Johnson, C. R. (2003). Effect of complexity

on marine ecosystem models.Marine Ecology Progress Series, 253, 1–16.
Fulton, E. A., Smith, A. D. M., Smith, D. C., Johnson, P., Constable, A.,

Pikitch, E., Santora, C., Babcock, E., Bakun, A., Bonfil, R., Smith, A.,

Fulton, E., Hobday, A., Smith, D., Shoulder, P., Fulton, E., Smith, A.,

Smith, D., van Putten, I., & Maguire, J. (2014). An integrated approach

is needed for ecosystem based fisheries management: Insights from

ecosystem-level management strategy evaluation. PLoS ONE, 9(1),

e84242.

Geary, W. L., Bode, M., Doherty, T. S., Fulton, E. A., Nimmo, D. G.,

Tulloch, A. I. T., Tulloch, V. J. D., & Ritchie, E. G. (2020). A guide to eco-

system models and their environmental applications. Nature Ecology &

Evolution, 4(11), 1459–1471.
Håkanson, L. (1995). Optimal size of predictive models. Ecological Model-

ling, 78(3), 195–204.
Hannah, C., Vezina, A., & John, M. S. (2010). The case for marine ecosys-

tem models of intermediate complexity. Progress in Oceanography,

84(1–2), 121–128.
Hanson, J. O., Schuster, R., Strimas-Mackey, M., & Bennett, J. R. (2019).

Optimality in prioritizing conservation projects. Methods in Ecology and

Evolution, 10(10), 1655–1663.
Hellweger, F. L. (2017). 75 years since Monod: It is time to increase the

complexity of our predictive ecosystem models (opinion). Ecological

Modelling, 346, 77–87.
Hilborn, R., & Ovando, D. (2014). Reflections on the success of traditional

fisheries management. ICES Journal of Marine Science, 71(5), 1040–1046.
Holden, M. H., & Ellner, S. P. (2016). Human judgment vs. quantitative

models for the management of ecological resources. Ecological Applica-

tions, 26(5), 1553–1565.
Holzer, J. (2017). Harvest reporting, timely information, and incentives for

technology adoption. American Journal of Agricultural Economics, 99(1),

103–122.
Hutniczak, B., Lipton, D., Wiedenmann, J., & Wilberg, M. (2019). Valuing

changes in frequency of fish stock assessments. Canadian Journal of

Fisheries and Aquatic Sciences, 76(9), 1640–1652.
Karp, M. A., Link, J. S., Grezlik, M., Cadrin, S., Fay, G., Lynch, P.,

Townsend, H., Methot, R. D., Adams, G. D., Blackhart, K., Barceló, C.,

Buchheister, A., Cieri, M., Chagaris, D., Christensen, V., Craig, J. K.,

Cummings, J., Damiano, M. D., Dickey-Collas, M., … Voss, R. (2023).

Increasing the uptake of multispecies models in fisheries management.

ICES Journal of Marine Science, 80, 243–257.
Mangin, T., Costello, C., Anderson, J., Arnason, R., Elliott, M., Gaines, S. D.,

Hilborn, R., Peterson, E., & Sumaila, R. (2018). Are fishery management

upgrades worth the cost? PLoS One, 13(9), e0204258.

McCarthy, M. A., Keith, D., Tietjen, J., Burgman, M. A., Maunder, M.,

Master, L., Brook, B. W., Mace, G., Possingham, H. P., Medellin, R.,

Andelman, S., Regan, H., Regan, T., & Ruckelshaus, M. (2004). Compar-

ing predictions of extinction risk using models and subjective judge-

ment. Acta Oecologica, 26(2), 67–74.
McGowan, J., Bode, M., Holden, M. H., Davis, K., Krueck, N. C., Beger, M.,

Yates, K. L., & Possingham, H. P. (2018). Ocean zoning within a sparing

versus sharing framework. Theoretical Ecology, 11, 245–254.

Mildenberger, T. K., Berg, C. W., Kokkalis, A., Hordyk, A. R., Wetzel, C.,

Jacobsen, N. S., Punt, A. E., & Nielsen, J. R. (2022). Implementing the

precautionary approach into fisheries management: Biomass reference

points and uncertainty buffers. Fish and Fisheries, 23(1), 73–92.

Pascoe, S., Cannard, T., Dowling, N. A., Dichmont, C. M., Asche, F., &

Little, L. R. (2023). Use of data envelopment analysis (DEA) to assess

management alternatives in the presence of multiple objectives.

Marine Policy, 148, 105444.

Pascoe, S., Cannard, T., Dowling, N. A., Dichmont, C. M., Breen, S.,

Roberts, T., Pears, R. J., & Leigh, G. M. (2019). Developing harvest

strategies to achieve ecological, economic and social sustainability in

multi-sector fisheries. Sustainability, 11(3), 644.

Plagányi, �E. E., Punt, A. E., Hillary, R., Morello, E. B., Thébaud, O.,

Hutton, T., Pillans, R. D., Thorson, J. T., Fulton, E. A., Smith, A. D. M.,

Smith, F., Bayliss, P., Haywood, M., Lyne, V., & Rothlisberg, P. C.

(2014). Multispecies fisheries management and conservation: Tactical

applications using models of intermediate complexity. Fish and Fisher-

ies, 15(1), 1–22.
Prellezo, R. (2017). Expected economic value of the information provided

by fishery research surveys. Fisheries Research, 190, 95–102.
Punt, A. E. (2019). Spatial stock assessment methods: A viewpoint on cur-

rent issues and assumptions. Fisheries Research, 213, 132–143.
Punt, A. E., Dunn, A., Elvarsson, B. Þ., Hampton, J., Hoyle, S. D.,

Maunder, M. N., Methot, R. D., & Nielsen, A. (2020). Essential features

of the next-generation integrated fisheries stock assessment package:

A perspective. Fisheries Research, 229, 105617.

Punt, A. E., Walker, T. I., & Prince, J. D. (2002). Assessing the

management-related benefits of fixed-station fishery-independent

surveys in Australia's southern shark fishery. Fisheries Research, 55(1–
3), 281–295.

Puy, A., Beneventano, P., Levin, S. A., Piano, S. L., Portaluri, T., & Saltelli, A.

(2022). Models with higher effective dimensions tend to produce more

uncertain estimates. Science Advances, 8(42), 9450.

Skern-Mauritzen, M., Ottersen, G., Handegard, N. O., Huse, G.,

Dingsør, G. E., Stenseth, N. C., & Kjesbu, O. S. (2016). Ecosystem pro-

cesses are rarely included in tactical fisheries management. Fish and

Fisheries, 17(1), 165–175.
Stewart, I. (2012). The mathematical equation that caused the banks to

crash. The Guardian, 2(12), 12.

Szuwalski, C. S., & Hollowed, A. B. (2016). Climate change and non-

stationary population processes in fisheries management. ICES Journal

of Marine Science, 73(5), 1297–1305.
Tahvonen, O. (2008). Harvesting an age-structured population as biomass:

Does it work? Natural Resource Modeling, 21(4), 525–550.
Thorson, J. T., Adams, G., & Holsman, K. (2019). Spatio-temporal models

of intermediate complexity for ecosystem assessments: A new tool for

spatial fisheries management. Fish and Fisheries, 20(6), 1083–1099.
Timms, L., & Holden, M. H. (2024). Optimizing protected area expansion

and enforcement to conserve exploited species. Biological Conserva-

tion, 290, 110463.

Walters, C., & Maguire, J. J. (1996). Lessons for stock assessment from the

northern cod collapse. Reviews in Fish Biology and Fisheries, 6(2),

125–137.
Yearsley, J. R., & Lettenmaier, D. P. (1987). Model complexity and data

worth: An assessment of changes in the global carbon budget. Ecologi-

cal Modeling, 39(3–4), 201–226.

How to cite this article: Holden, M. H., Plagányi, E. E., Fulton,

E. A., Campbell, A. B., Janes, R., Lovett, R. A., Wickens, M.,

Adams, M. P., Botelho, L. L., Dichmont, C. M., Erm, P.,

Helmstedt, K. J., Heneghan, R. F., Mendiolar, M., Richardson,

A. J., Rogers, J. G. D., Saunders, K., & Timms, L. (2024). Cost–

benefit analysis of ecosystem modeling to support fisheries

management. Journal of Fish Biology, 104(6), 1667–1674.

https://doi.org/10.1111/jfb.15741

1674 HOLDEN ET AL.FISH
 10958649, 2024, 6, D

ow
nloaded from

 https://onlinelibrary.w
iley.com

/doi/10.1111/jfb.15741 by SE
A

 O
R

C
H

ID
 (T

hailand), W
iley O

nline L
ibrary on [13/11/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1111/jfb.15741

	Cost-benefit analysis of ecosystem modeling to support fisheries management
	1  INTRODUCTION
	2  THE BENEFITS AND COSTS OF MODEL COMPLEXITY
	3  ASSESSING POTENTIAL BENEFITS RELATIVE TO COSTS
	4  CONCLUSION
	AUTHOR CONTRIBUTIONS
	ACKNOWLEDGMENTS
	FUNDING INFORMATION
	CONFLICT OF INTEREST STATEMENT
	DATA AVAILABILITY STATEMENT

	REFERENCES


