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Management strategy evaluation (MSE) is a simulation approach that serves as a “light on the hill” (Smith, 1994) to test options for marine management, monitoring, and assessment against simulated ecosystem and fishery dynamics, including uncertainty in ecological and fishery processes and observations. MSE has become a key method to evaluate trade-offs between management objectives and to communicate with decision makers. Here we describe how and why MSE is continuing to grow from a single species approach to one relevant to multi-species and ecosystem-based management. In particular, different ecosystem modeling approaches can fit within the MSE process to meet particular natural resource management needs. We present four case studies that illustrate how MSE is expanding to include ecosystem considerations and ecosystem models as ‘operating models’ (i.e., virtual test worlds), to simulate monitoring, assessment, and harvest control rules, and to evaluate tradeoffs via performance metrics. We highlight United States case studies related to fisheries regulations and climate, which support NOAA’s policy goals related to the Ecosystem Based Fishery Roadmap and Climate Science Strategy but vary in the complexity of population, ecosystem, and assessment representation. We emphasize methods, tool development, and lessons learned that are relevant beyond the United States, and the additional benefits relative to single-species MSE approaches.
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INTRODUCTION


What Is MSE?

Management strategy evaluation (MSE) has become a common best practice for managing living marine resources (Sainsbury et al., 2000; Punt et al., 2014b). MSE was developed to implement adaptive environmental management for renewable resources (Walters, 1986; Smith and Sainsbury, 1999; Punt et al., 2014b; Edwards and Dankel, 2016) and is a flexible approach that generally can be applied to any fishery system. It involves a simulation approach that serves as a “light on the hill” (Smith, 1994) allowing us to “assess the consequences of a broad range of management strategies or options [under uncertainty], and presenting the results in a way that lays bare the trade-offs across a range of management options”. MSE builds on a long history of simulation testing of harvest control rules and associated estimation methods and data (e.g., de la Mare, 1986; Butterworth et al., 1997; Kirkwood, 1997; de La Mare, 1998; Butterworth and Punt, 1999; Smith and Sainsbury, 1999). The MSE approach provides a:


•Clearly defined set of management objectives

•Set of performance criteria related to achieving the objectives

•Set of management strategies or regulations to evaluate

•Means of calculating the performance of each strategy under uncertainty

•Evaluation of trade-offs and communication of this with decision makers



A recent international working group defined MSE as “a process whereby the performances of alternative harvest strategies are tested and compared using stochastic simulations of stock and fishery dynamics against a set of performance statistics developed to quantify the attainment of management objectives” (Anon, 2018), and we adopt their terminology for this and other language, with small local adaptations (see Appendix).

Involvement of stakeholders such as commercial and recreational fishers, seafood processors, non-extractive users, conservationists, and the general public is essential if MSE is to be used for complex ecosystem problems with potential trade-offs between users (Feeney et al., 2019); this is also true for single species MSE applications. Input from stakeholder groups determines management objectives, the selection of alternative management options, and the communication of results especially in relation to tradeoffs (Punt et al., 2014b). Objectives and performance criteria can include ecological, social and economic components of the ecosystem under study (Nielsen et al., 2018), with the expectation that different sets of performance metrics will resonate with each group.

Most commonly this simulation approach involves iteratively repeating steps of the MSE loop (Figure 1). Overall, the goal of the MSE is to find the strategies (management, monitoring, or assessment) that achieve the objectives and are robust to the important uncertainties, which are simulated through the evaluation process.
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FIGURE 1. Adapted from Sainsbury et al. (2000). Management strategy evaluation iteratively tests performance of our monitoring, assessment and policies (right side) within the simulated ‘virtual world’ of the operating model (left side). Here we highlight in green some of the ecosystem aspects that can be incorporated into each step of the MSE loop.


The key components of a MSE process can be expressed in a set of general steps (see Punt et al., 2014b), and these can be mapped to the MSE loop (Figure 1). Operating models represent the simulated dynamics of the fishery system and will include components for the population and ecosystem dynamics, fishery resources, and social-economic aspects of the fishing fleet dynamics. Monitoring simulates observations of the populations or ecosystem represented by the operating model, with realistic error, survey design and intensity. Assessment and Parameter Estimation involves analyzing the simulated monitoring data, typically by applying a Bayesian or frequentist estimation model configuration to fit the simulated monitoring data. Alternative management policies are implemented to influence the dynamics of the fishery system to achieve the management objectives, typically via feedback or ‘closed-loop’ policies that depend on the dynamic state of the fishery system. Performance metrics represent the management objectives in a tangible manner (Feeney et al., 2019). Via an iterative process of simulation and replication, the MSE ‘experiment’ aims to see how well each management policy performs conditioned on the operating models and estimation models, and how this policy ranks against others. This simulation experiment requires that the set of paired combinations of an operating model and management strategies be simulated with sufficient randomization and replications to assess the relative performance of the tested strategies.

Historically many MSEs have been devised for management focused on individual species, with ecological processes such as drivers of recruitment or growth being implicitly included (de la Mare, 1986; Bergh and Butterworth, 1987). For example, MSE has been used to evaluate management systems for the international Baltic cod (Gadus morhua) fishery (Bastardie et al., 2010), including comparing controls on fishing effort (input controls) versus catch (output controls), while accounting for key uncertainties in cod recruitment regimes and fleet adaptation. MSE has also been used to assess the sensitivity of a newly employed management procedure in a rock lobster (Jasus edwardsii) fishery to non-stationarity in processes such as recruitment and growth (Punt et al., 2013). More recently, environmental drivers of stock productivity and catchability, such as temperature and oxygen, have been explicitly included into MSE (e.g., A’mar et al., 2009; Ianelli et al., 2011; Froehlich et al., 2017; Haltuch et al., 2019a, b). MSE has also been used to assess the value of incorporating short-term sea surface temperature forecasts into the harvest guideline for Pacific sardine, Sardinops sagax (Tommasi et al., 2017).

The value of further incorporating ecosystem processes into MSE has been emphasized in the literature and in recent policy documents guiding the United States approach to Ecosystem Based Fishery Management (EBFM) (Link et al., 2015; Busch et al., 2016; NOAA, 2016a, b). At the same time, stakeholders increasingly recognize the need to develop MSE frameworks able to assess performance of management actions relative to ecosystem-based objectives. For instance, in management of small pelagic fisheries, provision of adequate forage for dependent species is an important management objective to evaluate and requires use of multi-species ecosystem models (e.g., Robinson et al., 2015; Punt et al., 2016b). Within the US, bolstering the representation of ecosystem processes within MSE helps address EBFM goals including recognizing “physical, biological, economic, and social interactions among the affected fishery-related components of the ecosystem, including humans,” and optimizing “benefits among a diverse set of societal goals” (NOAA, 2016b). Other nations have similar commitments to EBFM (FAO, 2003, 2009; EU, 2008; Hobday et al., 2011). In the United States the emphasis on diverse goals, and trade-offs among them, is underscored by sometimes conflicting mandates to safeguard fisheries, endangered species, and marine mammals. Additional mandates include treaty agreements with sovereign tribes, which are considered in policy decisions related to fishery harvest, for instance within ‘usual and accustomed’ fishing areas in the Pacific Northwest. Cultural objectives and related tradeoffs are also important, and outside the United States they have been directly incorporated into MSE for small-scale fisheries (Plagányi et al., 2013). Identifying trade-offs among these mandates is a key concept of EBFM (Brodziak et al., 2004; Link, 2010; NOAA, 2016a). MSEs encourage stakeholders to identify management objectives and lay bare trade-offs among them, and as such are inherently suited for use in EBFM.

As we illustrate below, many types of ecosystem modeling can serve as “raw material,” to slot into various locations within the MSE loop (Figure 1). A variety of ecosystem models have been developed to support EBFM (Plagányi, 2007), including in the United States (Townsend et al., 2008, 2014, 2017, 2019; Link et al., 2010). Model types include whole ecosystem models; models of intermediate complexity that either extend single species approaches or explicitly include multiple species; individual-based models; bioenergetic models; length-based and size-spectrum models; and multivariate statistical approaches (Plagányi, 2007; Link et al., 2011). However, only a limited number of examples (e.g., Fulton et al., 2014, 2019) have brought these models formally and fully into MSE, though some authors have noted the value of doing so. For instance, Punt et al. (2014b) called for more ecologically realistic operating models, while also bringing in realistic uncertainty to simulated monitoring, assessment, and management. NOAA (2016a) noted that “executing MSEs at the ecosystem level can capture major drivers, pressures, and responses, as well as emergent properties that would be missed if explored on a taxa-by-taxa basis.” These authors acknowledge that building on the extent to which MSEs incorporate ecological mechanisms, and leveraging ecosystem modeling capacity to do so will increasingly be a fruitful way to address uncertainties and refine science and management.



MSE Is Expanding Beyond Single Species Approaches Into EBFM Applications

Here, we describe how and why MSE is growing from a single species approach to one relevant to ecosystem science. In particular, different ecosystem modeling approaches can slot within each of the components of an MSE (Figure 1), to meet particular natural resource management needs.

Ecosystem models can serve as operating models for MSE, providing simulated population and ecosystem dynamics that include ecological complexity sufficient to challenge simulated monitoring, assessment, and management policies. In the United States, for example, we have developed multiple ecosystem, food web, individual-based, and size-spectrum models (see for example National Ecosystem Modeling Workshop workshops: Townsend et al., 2008, 2014, 2017; Link et al., 2010). The trophic and spatial complexity of these models means that they differ in assumptions from commonly used stock assessment methods, thus providing an alternative test of estimation models and management strategies. Ecological models often include alternate scenarios for climate, oceanography, and ecological relationships (e.g., Punt et al., 2016b; Marshall et al., 2017; Woodworth-Jefcoats et al., 2019), which can bound the uncertainty around operating model dynamics within the MSE simulation testing (Link et al., 2010, 2012).

Ecosystem models can also contribute to consideration of monitoring to better design surveys, sampling density, and sample sufficiency. Using a relatively simple spatial and environmentally driven model of Pacific hake (Merluccius productus), one case study below investigates sampling and monitoring of this species, and how this affects management performance. Fulton et al. (2019) compared performance of data-rich to data-poor assessment and management strategies, illustrating the potential value of monitoring data to improve decision making. Alternatively, ecosystem models can identify sensitive, responsive metrics that can be derived from monitoring data and that capture shifts in ecosystem-level response (Hollowed et al., 2020).

Within an MSE, assessments and estimation models can explicitly include terms representing the effects of predation, growth, recruitment, and environmental relationships (Holsman et al., 2016; Haltuch et al., 2019b), and the performance of these terms can be tested within MSE. Such tests have been included in studies addressing both climate and predation impacts on stock assessments in the Northeast United States (Miller et al., 2016; Trijoulet et al., 2019, 2020). For the Bering Sea, the CEATTLE model (Holsman et al., 2016) is being used to evaluate the performance of alternative climate-informed and climate naive reference points for use in multi- and single-species assessments. In this study, the operating model includes process error via temperature effects on growth and random draws of recruitment impacted by climate (Holsman et al., 2020) for both single (decoupled species) and multispecies modes (coupled models through bioenergetics-based predation between species) of the model. Simulated assessments estimate fishery and survey selectivity, as well as predator prey suitability, and biological reference points are estimated following the approach of Holsman et al. (2018).

Multispecies and environmental considerations can be built into harvest control rules, which can be tested in MSE (Kaplan et al., 2020). Robust relationships between productivity of a stock and an environmental driver can be challenging to identify, particularly for species with long pre-recruit survival windows (Haltuch et al., 2019a). However, when such relationships exist (e.g., Haltuch et al., 2019b), catch limits can be increased or decreased depending on current environmental conditions, which serve as a proxy for the population’s productivity. For instance, the harvest strategy for Pacific sardine adjusts the harvest fraction depending on water temperature (Hill et al., 2019), and this harvest strategy and alternatives were extensively tested in an MSE framework before adoption of this rule (Hurtado-Ferro and Punt, 2014). An MSE has also been employed to test performance of this harvest guideline based on forecast, rather than recent past, temperature conditions (Tommasi et al., 2017). Fulton et al. (2019) developed MSEs with end-to-end ecosystem operating models, demonstrating that aggregate catch limits set at a group level can be more effective at achieving both economic and conservation objectives than single-species harvest strategies. Related simulations analyses by Gaichas et al. (2017) found similar results when incorporating aggregate catch limits within a management procedure; in this case the multi-species operating model was length-structured and included predation and temperature-dependent consumption. As demonstrated in the case study below involving swordfish fishing closures, MSE with spatial operating models can be used to assess performance of different spatial management strategies, including those that are dynamic and environmentally informed. Ecosystem models can also test the utility of ecosystem indicators in novel decision criteria and harvest rules (Fay et al., 2015; Fulton et al., 2019; Tam et al., 2019) that extend beyond classical single species management.

Management strategy evaluation is explicitly focused on allowing managers and stakeholders to see trade-offs (Smith, 1994) – and increasingly these tradeoffs are multi-species and multi-sector, therefore there is a natural progression toward ecosystem considerations and applying ecosystem models to calculate performance metrics reported from MSEs. This is increasingly the case as we attempt to devise management that is robust under climate change and in an increasingly crowded ocean. Many early examples of MSE (Bergh and Butterworth, 1987; Punt and Donovan, 2007) focused on single species, with limited examples of pioneering multispecies approaches (e.g., Sainsbury, 1988). More recently, operating models have developed to incorporate objectives and performance metrics that include multiple species (Dichmont et al., 2008), spatial structure (Hurtado-Ferro et al., 2014), and predator–prey interactions (Punt et al., 2016b).




CASE STUDIES

Here, we present case studies that illustrate how MSE in the United States is being increasingly expanded to include ecosystem considerations. We highlight methods, tool development and lessons learned, and the added benefits relative to single species MSE approaches. We focus on recent case studies that emphasize different components of the MSE process. One or more of the coauthors of the present manuscript participated in development of each of these case studies. Most have been featured within the National Ecosystem Modeling Workshops mentioned above, but here we summarize them for broader audiences. In general, these case studies are strategic investigations in which the models represent key aspects of the ecology, fisheries, and management, but are not fully conditioned on (i.e., statistically fitted to) observed historical data. For a recent United States example of ecosystem models conditioned on observed survey biomass, harvest, and diets, we refer the reader to Holsman et al. (2020). We set our four case studies within the goal of full ecosystem MSE, as depicted in Figure 1. We note when shortcuts were necessary, or when aspects of the MSE loop have not yet been completed; these approaches were taken in line with the primary aim of highlighting progress and opportunities to incorporate ecosystem aspects into MSE.


Testing Operational Stock Assessment Approaches With Atlantis Ecosystem Models: The Best of Both Worlds


Goal of the Project

There is a critical need to identify estimation model (stock assessment) configurations that are robust to ongoing changes in fish population dynamics that result from ecosystem variability and climate change (Karp et al., 2019). While MSEs are routinely conducted with stock assessment modeling frameworks (e.g., Kell et al., 2007), these frameworks are not designed to directly incorporate climate-driven cumulative impacts to population dynamics (e.g., temperature and/or ocean acidification driven changes in growth combined with changing predator–prey interactions). While end-to-end ecosystem models, such as Atlantis (Fulton et al., 2011), can account for climate drivers and cumulative impacts directly, incorporating full operational stock assessment models within Atlantis presents a substantial challenge, and achieving thousands of replicate Atlantis runs per MSE scenario (as would be needed if Atlantis was used as an estimation model) requires more computing power than many institutions have. For practical MSEs that fully evaluate cumulative climate impacts on stock assessment to identify assessment methods that are most robust to real-world complexity, some combination of approaches is needed.

For the California Current and Nordic/Barents Seas, a project is underway to simulation test estimation models using Atlantis ecosystem operating models; these estimation models mimic those used in real-world stock assessments. Ecosystem models for the California Current off the United States West Coast (Kaplan et al., 2017; Marshall et al., 2017) and Nordic and Barents Seas off Norway (Hansen et al., 2016, 2019a) have been forced with climate scenarios that include ocean acidification and warming ocean temperature. These ecosystem models are spatially explicit and include biological groups ranging from primary producers to top predators. Scenarios run with Atlantis ecosystem models have demonstrated the cumulative impacts of temperature and ocean acidification changes throughout food webs around the world (Olsen et al., 2018).

In this case study, simulated ‘‘data’’ are being extracted from climate-forced Atlantis models to perform stock assessments on small pelagic and larger demersal species across two ecosystems. As noted above, this case study is a strategic exercise that does not condition models on any particular historical period, but instead generates simulated data that roughly captures species and ecosystem productivity and variability. A new R package (atlantisom1) was developed as part of this project to extract both true and “sampled” survey index and catch data from the ecosystem models, and pass data to the Stock Synthesis 3 (SS3; Methot and Wetzel, 2013) assessment framework as the estimation model. Within SS3, the initial focus has been to evaluate the efficacy of different modeling structures for somatic growth (e.g., time-varying, empirical, or constant), to account for changing productivity driven by climate change over the simulated time period. Initial proof-of concept results are included here, and because the tools are being developed to be generally applicable, this approach can be used to evaluate the robustness of any stock assessment method to climate-driven changes in population dynamics (or to other cumulative impacts simulated within Atlantis). A central feature of the case study is that the structural assumptions of the stock assessment differ from those of the complex operating model (Atlantis), similar to the way that we expect the stock assessment to differ from complex real-world ecological dynamics.



Where in the MSE Loop the Ecosystem Considerations Are Added

Compared to most MSEs to date, this effort uses a more complex operating model (Atlantis), with the primary benefit of generating realistic scenarios for climate-driven time-varying growth and mortality in the future. For example, Atlantis models can be driven by 3D fields of temperature, salinity, pH, and water flux from fully resolved oceanographic models (e.g., ROMS) to produce complex ecosystem reactions to the changed conditions and emergent food web and fishery responses. In our case, the California Current Atlantis model is driven by ocean conditions that include differential warming along the coast and at depth that increases carnivorous zooplankton (euphausiids) biomass, which in turn drives a response of an increase in forage fish somatic growth (weight-at-age) and therefore biomass by the end of the simulation. The food web included in this operating model also drives larger variability in growth through the simulation period, which is driven by trophic relationships but not specifically by warming conditions. Finally, Atlantis can include recruitment variability for particular species as is needed to add realistic process uncertainty for stock assessment, and here the Atlantis operating model is parameterized to exhibit variability in sardine recruitment that mimics recruitment variability in stock assessments.

The “Assessment and parameter estimation” portion (Figure 1) does not attempt to directly incorporate ecosystem information, though the aim is to identify estimation model configurations that successfully provide advice when challenged with complex ecosystem effects. The “Monitoring” portion of the MSE loop is a simplified version of a real-world single-species stock assessment structured similarly to the Pacific sardine assessment model used on the United States West Coast, in which the “data” come from the Atlantis operating model combined with user-defined survey specifications (timing, areas, selectivity, observation error) implemented by atlantisom. Therefore, input data include both changing biology in response to ecosystem projections and realistic sampling error (Figure 2). The biology in the operating model’s 80 year fishing and climate scenario illustrated in Figure 2 responds to 30 years of unfished conditions, then 25 years of overfishing (1.5x FMSY), followed by 25 years of recovery during reduced fishing (0.5x FMSY). In this example, effects of climate change (warming) are manifest starting at simulation year 55, via Q10 effects on metabolic rates. Within Atlantis, sardine recruitment is based on a Beverton–Holt relationship, with process variability drawn from a lognormal distribution. The atlantisom package automates writing assessment input files by importing actual Stock Synthesis data input files from the Pacific sardine assessment (Hill et al., 2017), and replacing biomass, life history parameter values, and composition data with values simulated in our Atlantis operating model. Atlantisom explicitly includes options for incorporating uncertainty and bias associated with survey and catch observations. Performance metrics for assessment model evaluations are intentionally focused on those related to the stock assessment, including those related to population size, fishing intensity, and depletion (i.e., the proportion of pre-exploitation abundance to which a population has been reduced). To date, we have not dynamically included the Management policies or Implementation portions of the MSE loop; the emphasis has been on estimation model performance when confronted with a complex operating model.
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FIGURE 2. (A, top) Time series of ‘true’ (dark purple line) biomass from California Current Atlantis run with fishing and climate scenario, and survey biomass index (blue points) sampled with atlantisom (summer survey of all model areas with catchability set to 0.5, observation error set to 0.1; in other words, an excellent survey). Note that ‘true’ here means output directly from the operating model, not data from historical surveys or otherwise conditioned on real-world observations. (B, center) Example SS3 model fit (green line) to survey index generated by atlantisom (blue points with error bars); output of r4ss. (C, bottom) Comparison of true Atlantis biomass (dark purple line) with SS3 estimated biomass (green points) for a sample model run.




Results

As a proof of concept, we present outputs of a simulated single-species assessment of a small pelagic fish, using generated data from the Atlantis operating model with atlantisom as the link between Atlantis and Stock Synthesis. Using this approach, we can visualize fits to data and other standard assessment diagnostics as for any other SS3 model using r4ss, a commonly used package for SS3 output visualization and diagnostics (Taylor et al., 2019; Figure 2B). However, the added benefit here is we can now compare SS3 outputs to Atlantis “truth,” for example, for estimated biomass (Figure 2C). Users can then calculate any desired skill assessment metrics to evaluate which model configurations are most robust to the climate forcing combined with errors introduced by observation systems. One caveat is that these operating models are not conditioned on past data; though they capture key aspects of species productivity and variability, they do not recreate historical trends and are not intended as tactical tools to assess estimation model performance over real historical periods.



Lessons Learned

Using existing infrastructure for single-species modeling (such as Stock Synthesis and associated programs) is the best way to use MSE to test real-world estimation models (i.e., those found in operational stock assessments), rather than approximating with scaled down or simplified versions. This approach has the additional benefit of leveraging existing stock assessment workflows and tools to quickly construct flexible estimation models with a wide range of biological complexity and accuracy. The time-consuming component of constructing the estimation model, as is typical in stock assessment, is in data processing and model tuning.

Using existing infrastructure for ecosystem modeling (like Atlantis) is the best way to incorporate complex biophysical interactions likely to be encountered in the real world into MSEs. A common criticism of simulation testing in general is that it is difficult to produce data with as many challenges as are observed in the real world; Atlantis combined with atlantisom allows the user to create a complex virtual world and an observation system with similar bias, variability, and autocorrelation, but still have true characteristics for comparison with estimation model outcomes. Additionally, the complex Atlantis model allows us to explore how biophysical interactions may manifest through the ecosystem to affect the species dynamics visible to the estimation model, i.e., tracing ecological mechanisms and identifying the direction and magnitude of potential changes in recruitment, growth, and mortality, rather than pre-specifying these changes as might be necessary in a simpler operating model.

There are also a growing number of tools developed specifically for the construction of single-species MSEs. Tools associated with single-species models are increasingly more flexible in accepting input data of a number of different structures while the range of single-species models is expanding to facilitate quickly and efficiently running MSEs (ss3sim: Anderson et al., 2014, MSE, mseR). Our study highlights the importance of these flexible tools for MSE; historically most single-species MSEs have focused on parameter misspecification and not model misspecification, where operating and estimation models differ in scope (e.g., single-species vs. ecosystem). The value of “mix-and-match” tools that can pair different simulations with evaluation structures enables faster construction of MSEs with a wide variety of model specifications. This also allows flexibility in cases when practical logistics limit the deployment of a complex model, for instance due to constraints on staff, computing, or data. We envision the atlantisom package or similar tools to be useful to construct ecosystem model-derived data for a variety of single-species models across other model types. The atlantisom code in particular is being applied to the California Current, Norwegian, and Northeast US Atlantis models, and should be generic to the 30+ Atlantis models developed globally. The atlantisom code is also now being used to pass Atlantis operating model data to Norwegian cod estimation models that apply the State Space Assessment Model (SAM) and a Bayesian production model, rather than SS3.




Swordfish Spatial Closures, and Future Seas


Goal of the Project

The Future Climate Change and the California Current Project (‘Future Seas,’ Pozo Buil et al., 2021) aims to develop end-to-end MSE frameworks for three fisheries in the California Current Large Marine Ecosystem (CCLME), namely Pacific sardine, albacore (Thunnus alalunga), and swordfish (Xiphias gladius), to identify climate-resilient management strategies for these fisheries and to evaluate the impacts of climate change on the fishing communities that depend on them. As distribution changes for all three species are expected to occur in response to climate change, it was important that the operating models be spatially explicit, and that the species distributions would be reflective of changes in the regional oceanography. To that end, each operating model integrated data on regional historical and future projections of the oceanography and biogeochemistry of the CCLME produced by a high-resolution regional ocean model (ROMS), downscaled from global climate models. The operating models also needed to be spatially explicit to link changes in distribution to port-specific landings and social vulnerability indices. Stakeholder engagement suggested that port-level metrics and profits were key performance metrics. Below we focus on the swordfish MSE.

The swordfish MSE was created to evaluate spatial management strategies used for bycatch mitigation (Smith et al., 2021). The drift gillnet fishery (DGN) was used as a case study, given the availability of spatially explicit catch data from an extensive observer program, the existence of a large static spatial closure aimed at reducing bycatch of leatherback turtles, Dermochelys coriacea (the Pacific Leatherback Conservation Area, PLCA), and the development of a multi-species dynamic bycatch risk tool for this fishery (‘EcoCast’; Hazen et al., 2018). The MSE was designed to simulate swordfish catch and the bycatch of leatherback turtles and blue sharks (Prionace glauca) by a dynamic fleet that moved in response to static and dynamic time-area closures. This is an example of a multi-species MSE in which the species are not trophically linked. There are very few observed bycatch events for leatherback turtles in the DGN, which made evaluation of the PLCA and a dynamic alternative challenging. Instead, our analysis used this fishery and these species as a foundation to create a realistic, but flexible, simulation to evaluate static and dynamic closures more generally. Part of this evaluation was identifying conditions in the fishery (such as the size of an observer program), and characteristics of the bycatch species (such as the strength of static geographic associations), that influenced the relative performance of static and dynamic closures. Our static closures consisted of either a box drawn around the majority of observed bycatch events (based loosely on the PLCA), or a static correlative model of bycatch risk based on latitude and longitude only. The dynamic closure was based on the EcoCast approach, which identifies areas of high and low bycatch risk based on correlative species distribution models.



Where in the MSE Loop the Ecosystem Considerations Are Added

Ecosystem elements are included in the operating model and management policies. Our operating model consisted of: (1) statistical models, informed by ROMS, to predict potential catch and bycatch of three species throughout the fishable domain (the United States West Coast Exclusive Economic Zone); (2) an agent-based model to simulate fishing locations and effort in open areas (Smith et al., 2020); and (3) the calculation of catch and bycatch at the simulated fishing locations (Figure 3). The management process simulated three possible closure scenarios: no closure; a static closure encompassing most observed bycatch events (enacted for part of the year, like the current PLCA); and a daily updated dynamic closure (based on EcoCast). These closures then determined the locations available to be fished in the operating model. The static and dynamic closures were created using data from a simulated observer program, which provided the management process with the catch and bycatch data from a subset of fishing trips. The different closure scenarios were evaluated against performance measures including catch and bycatch, and trip-level profits (at both the fleet and port levels). Three species were modeled: swordfish (the target species, which influences fishing location decisions), leatherback turtles (the key bycatch species, and focus of the spatial closures), and blue shark (a common bycatch species in the DGN, and able to be considered in the multi-species EcoCast framework).


[image: image]

FIGURE 3. A schematic of the structure of the swordfish MSE, evaluating various spatial closure strategies. ABM, agent-based model; SDM, species distribution model; ROMS, regional ocean modeling system.


Given the reliance of this simulation on fine spatial resolution and correlative models, we ignored population dynamics – assuming that stock size was constant and localized depletion could be ignored. We considered this a reasonable assumption, given our more general focus on comparing static and dynamic closures, as well as the relatively low bycatch rate of leatherback turtles, the high mobility of swordfish, the comparatively small amount of stock-wide fishing mortality for swordfish due to the drift gillnet fishery, and the stability of the Western and Central North Pacific Ocean swordfish stock (ISC Billfish Working Group, 2018).



Results

Our focus was on comparing the relative performance of static and dynamic closures under various scenarios of species distribution and data availability. It was clear that highly dynamic closures require considerable data, and when data are scarce or species have less dynamic habitats, a static closure can be most effective (Static closure, Type 2 in Figure 4); but to avoid effort redistribution issues the static closure should be designed to close areas based on potential (not observed) bycatch. However, static closures can close large blocks of area and greatly impact fishing opportunity (Static closure, Types 1 and 2 in Figure 4). When sufficient data exist, and the species is associated with dynamic ocean variables, more complex models can be developed to create spatial closures (i.e., based on species distribution models) which often close less area, or leave open ‘pockets’ of lower risk habitat, with less impact on fishing opportunity (Dynamic closure in Figure 4). It also became clear that if a management goal is to reduce current bycatch levels, closures would ideally account for the distribution and redistribution of fishing effort (not just the distribution of species), especially for widely distributed bycatch species with low occupancy in their suitable habitat. This is because closures may close areas that are rarely fished (so bycatch is not reduced), or may move fishing into only moderately less risky habitats (and bycatch is not reduced as much as expected). In these cases, failing to consider the fishery distribution means that very large reductions in fishing effort are required to successfully reduce bycatch.
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FIGURE 4. Example results from the spatial closure MSE. The maps show the distribution of fishing effort (number of simulated sets) under three closure scenarios (two types of static, and one dynamic). Under each map is a corresponding radar plot summarizing mean closure performance, relative to no closure, for 10 performance metrics (values toward the outside of the plot indicate better performance). The dashed red line is the observed historical fishing effort, and the black dashed line is the static closure boundary (arrows indicate the closed side; dynamic closure not shown). The distribution of effort in the no closure scenario was most similar to the distribution in the dynamic closure scenario. The ten radar plot performance metrics are: ‘TotSF’ total swordfish catch per fishing season; ‘SFset’ mean number of swordfish caught per set; ‘TotLB’ total number of leatherback turtles caught per season; ‘LBset’ mean number of turtles caught per set; ‘LB/SF’ the number of turtles caught per swordfish caught; ‘TotBS’ the total number of blue sharks caught per season; ‘Profit’ the mean profit per fishing trip from swordfish revenue minus fuel and crew costs; ‘Dist’ the mean distance traveled per fishing trip; ‘Sets’ the number of successful fishing sets (i.e., effort); ‘Area’ the amount of area open to fishing. Figure adapted from Smith et al. (2021).




Lessons Learned

This MSE highlighted the modeling challenges associated with working across models from different disciplines and resolutions. Regional ocean models are highly spatially and temporally resolved, as are agent-based fishing models, whereas population dynamics models used in stock assessments are generally run at seasonal or yearly resolution for a single spatial domain. In the swordfish case study, it seemed prudent to forego attempts to integrate population dynamics, given the desired high spatial resolution of our closures. These challenges in creating a realistic operating model drove our decision to create an MSE that examined more general aspects of spatial closures, rather than a tactical analysis of the optimum turtle closure for the DGN itself. An interesting challenge was having both a correlative operating model (i.e., the statistical catch models) and a correlative management scenario (the dynamic closures based on SDMs built from data simulated by the operating model). This created a scenario in which managers could have perfect information on the location and drivers of species distributions. Thus, a key consideration was ensuring realistic error entered the MSE during the data subsetting process in the observer program stage, and the SDM creation process in the closure creation stage (Figure 3), which was achieved by ensuring similar accuracy of EcoCast in the real and simulated worlds. Multi-species MSEs like this one, with fine spatial and temporal resolutions, and aimed at modeling species distributions, will likely remain challenging to build for management of particular fisheries and species. This is why we did not use this analysis to identify the best closure strategy for a specific fishery, but instead created a realistic fishery on which to test multiple variations of the operating model and management process to identify conditions under which static or dynamic closures performed better.




Pacific Hake MSE: Testing the Robustness of Transboundary Management to Monitoring and Climate Change


Goal of the Project

The Pacific Hake MSE focuses on a single species, exploring how a dynamic migratory stock responding to future scenarios of climate change could influence the ability of the binational management body to meet its objectives. Pacific Hake is managed under an international treaty between the United States and Canada, and an ongoing MSE process is occurring in close collaboration with managers and industry representatives from both countries. A hake-focused MSE is now in its second iteration, having begun several years ago motivated in part by Marine Stewardship Council certification (Tavel Certification Inc, 2009). The previous iteration explored the performance of the harvest control rule in the face of uncertainty in assumed parameter values (Hicks et al., 2016). The focus of this iteration of the Hake MSE has shifted and the complexity of the operating models has increased.

Goals for this iteration of the hake MSE were co-created by analysts and the international management body responsible for the management of Pacific Hake, the Joint Management Committee (Jacobsen et al., 2020). The three goals are to (1) evaluate the performance of current hake management procedure under alternative hypotheses about current and future environmental conditions; (2) better understand the effects of hake distribution and movement on both countries’ ability to catch fish; and (3) better understand how fishing in each country affects the availability of fish to the other country in future years.



Where in the MSE Loop the Ecosystem Considerations Are Added

The operating models for the Hake MSE are spatial, with two areas, one for United States and one for Canada, and have four seasonal time-steps. Hake move between areas, with higher density in the northern area in summer and in the southern area in winter. The fraction of fish that move northward is a function of fish age, with a larger fraction of older age classes migrating northward (more detail on model specification and parameterization available in Jacobsen et al., 2020). The movement and distribution of fish roughly matches recent research on spatially and age-dependent relationships between temperature and the hake distribution observed by an acoustic survey (Malick et al., 2020).

We are exploring two types of management procedures and two types of uncertainty scenarios in the Hake MSE to address the goals above (Jacobsen et al., 2020). The alternative management procedures explore the performance of the current harvest control rule and the effects of changing the frequency of fishery independent surveys. The harvest control rule mimics the threshold rule that is in place for hake (and many other species globally), implementing a default harvest rate when stock biomass is above a trigger reference point, reducing the harvest rate as stock size declines, and prohibiting fishing below a limit reference point or minimum stock size. The uncertainty scenarios explore the sensitivity of performance to future hypotheses about climate-driven movement and changes in the age-dependent selectivity of the fisheries in the two countries. Here we focus on evaluating the robustness of the status quo harvest rule with alternative observation frequencies to climate scenarios.

This MSE explores all the major categories of uncertainty. In particular, an observation model is simulated from the operating model with error, and an estimation model closely mimics the coastwide (non-spatial) assessment model currently in use. We also included an implementation model in several scenarios (not described here) to account for catches being consistently below the annual catch limit imposed by managers, which in turn is typically lower than the allowable biological catch under the treaty.

Within the MSE loop (Figure 1), ecosystem considerations are included in the operating model implicitly in the form of climate change scenarios that force fish movement as described above. Ecosystem considerations are not included in other aspects of this MSE. The choice of simplicity here was made to explore the sensitivity of the operating model to assumptions about movement. If assumptions about movement have large implications, then we could build additional complexity and more realistic projections. However, if changing the movement rates (i.e., fraction of the stock moving northward) has little effect on the performance metrics, then building a more complicated model and scenarios may be of less value. Performance metrics currently focus on stock status, catch, variability in catch, and spatial metrics that describe biomass and catch in the two countries.



Results

Simulation testing suggests that the current harvest rule used for hake is relatively robust to the climate scenarios explored, at a coastwide scale. Shifting the distribution of the stock northward resulted in less than ten percent change in relative spawning biomass and long-term average catch. However, the spatial structure in the model reveals larger changes in diverging directions in each country (Figure 5). If temperature-driven movement pushes more of the hake population into Canadian waters in summer in future years, the model projects slightly lower median biomass and catches in the United States and slightly more median biomass in Canada. Future catches in Canada are not projected to increase with greater biomass because the allocation of the coastwide catch between the two countries is fixed by the international treaty. However, the model does not capture any adaptive changes that could occur in the fisheries within each country; we assume full utilization of the quota if fish are present in an area and assume there will be no changes to the seasonal distribution of fishing mortality for either country during the projections.
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FIGURE 5. Trade-offs between long-term catch and mid-year vulnerable biomass in Canadian (A) and United States (B) waters under alternative fishery independent survey frequencies and hypothesized climate change scenarios that shift the distribution of the hake stock northwards during the fishing season. Each point represents the country-specific median of average vulnerable biomass and catch in the last 10 years of a 30 year projection over 100 simulated trajectories combining a survey frequency alternative and climate change scenario.


The alternative survey frequencies show that catches could increase with more frequent monitoring, even with a northward shift in the distribution of the population. This benefit is stronger for the United States fishery and increases with more dramatic climate-driven movement. Less frequent surveys lead to lower long-term median catches, but the effect is smaller than with increased survey frequency. These results are driven by increased uncertainty in the estimate of stock size with decreased frequency of observation resulting in increased probability of over-shooting the trigger reference point of the harvest control rule. Annual surveys allow the harvest rate to be set higher and with lower uncertainty.




Lessons Learned

Starting from an operating model that mimics an assessment model currently in use and building complexity iteratively has pros and cons. This project was developed from a previous iteration of the MSE with an operating model very similar to its estimation model (Hicks et al., 2016). New questions posed about the consequences of spatial structure and climate change required a more complex operating model (Pacific Hake Treaty Scientific Review Group, 2015). The goals for the MSE led to an operating model with spatial complexity (2-areas with fish moving seasonally between them). We chose to limit complexity because there were very limited data to inform the spatial distribution of the stock across seasons and its range, and general familiarity with and acceptance of the structure of the current assessment model by the hake management bodies. While the climate scenarios are qualitatively informed by empirical research, linking variability in hake distribution to temperature (Malick et al., 2020), they are more accurately characterized as sensitivity tests rather than true climate change scenarios (Punt et al., 2014a). Limiting operating model complexity at the expense of biophysical realism can save time in the model building phase of a MSE project and may facilitate quicker review by scientific review panels that tend to be familiar with the structure, assumptions, and behavior of assessment models. A potential downside of an approach that builds incrementally from an assessment model may be a tendency to undervalue the potential influences of structural assumptions that are similar between the operating and estimation models on the performance of alternative management strategies.



Multi-Species Harvest Control Rule in the Gulf of Mexico Using Atlantis


Goal of the Project

The Gulf of Mexico (GOM) MSE case study implemented a “blanket” harvest control rule to manage six reef fish groups in the GOM, using the Atlantis ecosystem model (Fulton et al., 2004). These reef fish included four species of snappers (Lutjanidae) and groupers (Serranidae) that are managed in the GOM using single-species stock assessments2, an aggregated group of Deep Serranid species, and an aggregated group of Other Lutjanids. However, considering all six reef fish groups can be co-caught by the same fishing gear (Saul and Die, 2016), assessing the efficacy of adapting a blanket policy seemed practical.

The term blanket was used in this application to describe how the chosen threshold harvest control rule considered the available biomass of all six reef fish groups simultaneously – under one “blanket” policy. Although the policy was applied across the reef fish at a species-complex-level, the available biomass of each individual stock was objectively considered, independently, in each iteration of the MSE, before a new fishing mortality rate (F) was prescribed in the subsequent iteration of the simulation. The primary goal of assessing the impact of changes in F at a complex-level was to show the potential benefits of a simple, adaptive management policy that could be applied across a range of co-caught species, while simultaneously accounting for ecosystem dynamics. The Atlantis model was used to explicitly represent biogeochemical processes in three dimensions (Fulton et al., 2004), while also simultaneously capturing interspecific interactions and fleet dynamics, and the role of these dynamic processes in implementing sustainable multi-species fisheries (Masi et al., 2018).



Where in the MSE Loop the Ecosystem Considerations Are Added

The Atlantis model of the GOM was applied as the operating model in the MSE loop. The parameterization and calibration of the operating model is specified in Ainsworth et al. (2015) with diet uncertainty characterized in Masi et al. (2014) and species distributions defined by Drexler and Ainsworth (2013). At each iteration of the GOM Atlantis MSE simulation, the biomass of the assessed stocks was fed internally (at annual time steps) into the Assessment and Exploitation submodels (Figure 6). Atlantis’s Exploitation submodel defines modeled fishing fleets, and was used to parameterize fleet-specific behavior: gear type, targeted species and selectivity pattern (Fulton et al., 2004). The Atlantis Exploitation submodel then supplied the simulated data to the Assessment submodel; note that this submodel was applied because it includes the integrated (“closed-loop”) MSE routine, even though in this case the assessment was assumed to have perfect knowledge of stock size (Figure 6). The Atlantis operating model included trophic interactions, biogeochemical processes and human interaction (via fleet dynamics).
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FIGURE 6. Atlantis submodels utilized in the Gulf of Mexico multispecies harvest control rule testing of Masi et al. (2018). This parallels the general MSE loop illustrated in Figure 1.




Performance Metrics, Objectives, and Trade-Offs, and How These Were Identified

The GOM Atlantis MSE used ecosystem-level performance metrics that were based on analysis in Masi et al. (2017), which evaluated a suite of GOM ecosystem indicators to assess their efficacy in tracking ecosystem perturbations that are caused by changes in F. Specifically, Masi et al. (2017) found that reef fish catch, Gag Grouper (Mycteroperca microlepis) biomass, and biodiversity metrics were among the top indicators, and these were subsequently utilized to score performance in the MSE. Additionally, ecological trade-offs were quantified by summarizing biomass at the guild level, which for instance illustrated interactions between species groups such as the shrimp, crab and benthic invertebrate guild, the pelagic fish guild, and the “all” reef fish (i.e., the assessed reef fish plus all other reef fish functional groups).



Results

By applying the harvest policy at a blanket-level, the GOM Atlantis ecosystem MSE was able to assess the impact of applying varying levels of F for all six reef fish groups both simultaneously and objectively. High levels of F applied to the reef fish complex, under the threshold harvest control rule, achieved a more Pareto-efficient trade-off frontier, where both higher levels of reef fish biomass and catch were attained (at equilibrium). This Pareto-efficiency was achieved because under higher levels of F, more of the large, carnivorous reef fish (those typically targeted by the fishery) were removed earlier in the simulation. With the largest predators in low abundance, smaller reef fish (those that are co-caught, but not typically targeted among the six assessed reef fish) had more prey available (thus increasing their productivity). This is considered a “cultivation effect,” where a reduction in top predators in the short term (i.e., in this case, the first 1–5 years of the simulation) resulted in increased productivity of the reef fish complex – as a whole, in the long term (Masi et al., 2018). To bracket the uncertainty associated with prey preference, this application utilized the Dirichlet distribution to define 10 alternate parameterizations of trophic pathways (Masi et al., 2014). Results were found to be robust to this uncertainty in trophic interactions and diet. Thus the trophic interactions were critically important in the model projections, but the cultivation effect was consistent across realistic uncertainty in the diet and trophic interactions.



Lessons Learned

In this MSE the biomass ‘observed’ by the Assessment submodel was derived annually using perfect knowledge, and simulated policies were implemented without process error (Figure 6). However, in reality stock assessments are not often performed annually, and assessment and implementation error can be substantial. Therefore the results could be considered a theoretical maximum benefit of applying a blanket, threshold harvest control rule policy to manage these 6 reef fishes. Future analyses should account for operational and implementation uncertainty, such as the ability of fishers and managers to actually achieve a target F, and should vary the number of years between assessment intervals. Typically, under single-species management policies a rebuilding plan would be implemented if the assessed stock fell below an established threshold (e.g., BMSY or biomass resulting from F30%), which is similar to how the threshold harvest control rule operated in this application. However, single-species approaches do not typically account for complex, ecosystem dynamics like the role of interspecific interactions on the available biomass of the targeted stock(s). Therefore, this MSE application offered unique, strategic insight that is not achievable through typical single-species approaches.





DISCUSSION


Common Lessons Learned and Challenges: Case Studies

The four case studies above illustrate that ecosystem models and ecosystem approaches improve multiple components of MSEs. The ecosystem modeling approaches considered above are extremely varied, ranging in taxonomic and spatial resolution, and varying in terms of complexity of assessments and management. This demonstrates the customization that is possible (and needed) to apply ecosystem modeling to directly support a range of ocean policy and management needs, ranging from minimizing turtle bycatch to managing fishery stocks across international borders. These case studies also illustrate the collaborative, interactive process that has evolved to support Ecosystem-Based Fishery Management in the United States (Townsend et al., 2019), and we suggest MSE as a natural pathway for that evolution.

Overall, our case studies here, and others globally (Fulton et al., 2014, 2019; Surma et al., 2018; Perryman et al., 2021), also demonstrate that very often ecosystem models fit naturally into MSE as operating models, though applications elsewhere in the MSE loop are emerging, e.g., ecosystem models are contributing to assessment and parameter estimation within the Bering Sea CEATTLE model (Holsman et al., 2016, 2020; Hollowed et al., 2020). In fact, overly simple or non-spatial single species focused models may not provide sufficient contrast to explore the necessary trade-offs facing marine ecosystems and their living marine resources. As demonstrated in some of the above case studies, the inherent complexity of ecosystem models can be beneficial when these are used as MSE operating models. This complexity enables evaluation of management performance and trade-offs across a broad set of metrics that are increasingly of interest to stakeholders, such as spatial complexity and impacts of management strategies on other ecosystem components (e.g., on protected species in the swordfish spatial closure MSE or on other target species in Gulf of Mexico Atlantis MSE).

To evaluate management options in the ecosystem context, an MSE operating model needs to be more complex (i.e., incorporates a broader set of drivers and interactions) than a stock assessment model to ensure that the broader array of issues that can impact marine populations is duly considered (Fulton et al., 2014; Punt et al., 2016b). Use of ecosystem models as operating models allows for an evaluation of management procedures (including data collection and assessment methods) under a broader set of uncertainties, including non-stationary, non-linear effects of climate change and climate variability (e.g., swordfish case study) and trophic dynamics (e.g., GOM Atlantis case study) that are difficult to approximate implicitly using single-species MSE approaches. Indeed, the case studies involving atlantisom, swordfish spatial closures, and Pacific hake all illustrate the need to have sufficiently similar assumptions in the MSE operating model and estimation model to enable linking these two components, but the desire to avoid unrealistically close matches between the ‘virtual world’ and the structure of the estimation model. In these case studies, the latter was achieved by having a different model structure for the operating model and the estimation model, in addition to simulating a realistic data collection scheme. However, the level of additional structural complexity presented in the operating model varied across case studies. For instance, the atlantisom case study maximized differences in the operating model/estimation model by using two completely different modeling approaches, thus allowing a more realistic assessment of the impacts of structural uncertainty on assessment model performance and estimated management quantities. In contrast, in the Pacific hake MSE, the operating model and estimation model were similar, but structural complexity was added into the operating model by increasing the spatial resolution from a 1-area to a 2-area model. The type of additional structural complexity in the operating model will ultimately be dictated by the management objectives of interest to stakeholders, the types of management strategies being examined, the data available to parameterize and condition more complex models, and the uncertainties thought to be most consequential for the system under consideration. Practical constraints on operating model complexity also include availability of skilled staff, computing, time limits for management decisions, and costs relative to value of the fishery or societal values related to conservation or cultural use.

The MSE process is well-suited to include the appropriate amount of complexity to address a question, with ecosystem approaches capable of informing both complexity and uncertainty in operating models. Once key objectives and uncertainties are identified and prioritized with managers and stakeholders, analysts need a range of tools available to build operating models and link them to estimation models appropriate to the situation. In some case studies here, such as for Pacific hake, limiting operating model complexity at the expense of biophysical realism saved time in the model building phase of a MSE project, facilitated reception among stakeholders familiar with the estimation model, and expedited scientific review by panels that were familiar with the structure, assumptions, and behavior of assessment models. However, more complex ecosystem analyses (Malick et al., 2020) informed the key climate driven spatial differences implemented in the hake operating model. In other cases, such as for Pacific swordfish spatial closures and the Gulf of Mexico Atlantis case study, complex ecosystem operating models incorporated more detailed system dynamics while evaluating more general management strategies. These last two cases were scientific research projects rather than management-initiated projects, and therefore were more free to sacrifice realism in the assessment estimation and management modeling, which revealed important ecosystem interactions that could not be addressed using single species assessment-based MSE.

As EBFM progresses in management arenas, approaches incorporating both ecosystem complexity and realistic assessment and management will become increasingly important, and access to a range of modeling tools will be critical. The atlantisom tool presented here aims to take advantage of Atlantis, a vetted and established ecosystem modeling framework, by making it easy to link to vetted and established stock assessment software such as SS3. This is not only efficient use of existing tools, but is a step toward including both ecological and assessment realism in an MSE analysis. Related examples that benefit from a range of modeling tools include the Atlantic herring (Clupea harengus) MSE, where a single species operating model in the spirit of the Pacific hake example here was linked to much simpler models of herring predators and fishery economics to meet the multiple objectives (and tradeoffs between them) of a wide range of stakeholders and the timeline of a management council (Deroba et al., 2019). The Bering Sea CEATTLE model (Holsman et al., 2016) similarly captures predator-prey interactions, and adds climate interactions in a much more sophisticated MICE modeling framework that is familiar to managers and reviewers accustomed to state of the art single species assessment models, and that is suited to address the key climate uncertainties identified by stakeholders. In a global review of MSE applications, Perryman et al. (2021) emphasize the need to have readily available modeling tools, particularly complex operating models, in order to properly address model error. As fishery managers tackle complex questions involving spatial relationships, species interactions, and climate effects as well as stock assessment performance, having a range of mix-and-match tools available to analysts will answer these questions more effectively and efficiently.

The case studies focused on Pacific hake, swordfish, and atlantisom, as well as previous experience (Townsend et al., 2019), all strongly argue for interdisciplinary collaboration to be a central part of MSE. Strong interdisciplinary collaboration is particularly necessary when building complex ecosystem models coupled with flexible stock assessment frameworks, as in the atlantisom case study, or when developing complex modeling frameworks for assessing climate impacts (swordfish spatial closures case study). This type of approach to MSEs requires technical expertise across the fields of ecology, biology, population dynamics, oceanography, climate science, economics, and social science, as well as experience implementing the specific modeling platforms being used. Thus, projects like atlantisom and the Pacific hake study are relatively large endeavors, but a major benefit of these efforts is the facilitation of productive collaborations that bring together a diversity of expertise. Previous experience suggests that this collaboration should extend to stakeholders, to define management objectives (i.e., MSE performance metrics), and to decide who makes those decisions (Feeney et al., 2019). In practice, stakeholder participation is an important but difficult process (see next section below). Experience with single species MSEs suggests that best practices include carefully selecting stakeholders and possibly “intermediary groups” (Feeney et al., 2019; Miller et al., 2019), education about MSE, facilitators, and extensive investment in communication and graphics (Feeney et al., 2019; Goethel et al., 2019; Miller et al., 2019).



Lessons for Ecosystem MSE From Beyond the Case Studies

The ecosystem-oriented MSE case studies presented here reflect and build upon lessons learned from single-species MSEs. First, incorporating uncertainty is a central premise of MSE, including observation errors for data inputs, process errors for system dynamics, and structural uncertainties about how the system operates (Punt et al., 2014b). Best practices for addressing uncertainty in ecosystem modeling (Link et al., 2010, 2012) apply to ecosystem models used in MSE. These best practices include methods for handling parameter, structural, and scenario uncertainty in a variety of model types (Link et al., 2010, 2012; Fulton et al., 2011; Morzaria-Luna et al., 2018; Hansen et al., 2019a). In particular, ecosystem models can play a critical role in testing the role of structural uncertainty, from testing the impacts of missing key processes using simpler variants of more complex models (Trijoulet et al., 2019) to analyses where the operating model and estimation model are fundamentally and intentionally mismatched, as in atlantisom. While some uncertain processes can be specified based on observational data, other ecosystem processes may still be largely unknown and at the frontiers of research, for instance potential fundamental shifts in ocean circulation, nutrient supply, and productivity under climate change. In these cases, the MSE process allows this uncertainty to be incorporated. In single species MSE, multiple operating models are often needed because fishery systems are complex, i.e., have many components and interrelationships among components, and have some components that are typically not observable with a high degree of certainty. Similarly, ecosystem-oriented MSE can use multiple operating models parameterized to bracket the range of uncertainties considered important by managers and stakeholders.

A second challenge identified in single species MSE has been simulating a realistic estimation model fitting process efficiently, which has also been noted in the atlantisom case study. The model fitting process for single species stock assessments may depend on individual analyst decisions on parameter specification (e.g., fixed or estimated, bounded or unbounded, etc.) as well as data weighting (Francis, 2011; Maunder and Punt, 2013). Within single species assessments and estimation models used in MSE, parameters may be unidentifiable and may need to be constrained or set at fixed assumed values rather than being freely estimated. When Ecosystem MSEs include climate and predation interactions in the estimation model, as in the CEATTLE model (Holsman et al., 2016, 2020; Moffitt et al., 2016), these fitting challenges may be exacerbated (based on a higher number of parameters), or reference points may shift relative to those calculated from single species models. Nevertheless, testing of novel, ecologically enhanced harvest control rules and reference points with MSE before implementation may require the use of ecosystem-enhanced estimation models. Such testing necessitates availability of sufficient computing resources, but would allow comparison of the potential of ecosystem-based management measures relative to those without EBM measures, at least in the near-term (Holsman et al., 2020).

Experience from single species and more complex MSEs to date demonstrates that managing and communicating large volumes of outputs and results is critical both for analysts and stakeholders (Deroba et al., 2019; Feeney et al., 2019). Calculation of performance metrics for ecosystem MSE involves adding dimensions beyond those typically handled in single species MSE. This will require a synthesis of additional performance metrics (e.g., Fulton et al., 2014) to quantify how robust individual strategies are, and their ranking relative to other strategies. Improved efficiency in analysis and output management will benefit MSE at any level of organization (see “Institutional Support for Ecosystem MSE,” below).

One of the main challenges for any MSE is stakeholder engagement (Goethel et al., 2019). As the scope of MSEs with ecosystem considerations broadens, so will the effort required to meet each element of best practice in stakeholder engagement (Feeney et al., 2019). For example, MSEs that include ecosystem considerations will have a broader suite of interested stakeholders to consider, have the need for experts from increasingly diverse backgrounds, and have more objectives with associated output metrics that must be communicated and graphically displayed. Nonetheless, for a recent example that demonstrates that Ecosystem MSE can address and communicate disparate metrics (goals) and trade-offs between them, including blending quantitative metrics for fishery targets (e.g., target species biomass or total catch) and more qualitative metrics (e.g., social wellbeing), see Fulton et al. (2019). Stakeholder and management engagement from the onset can also help strengthen the MSE approach by winnowing a large array of potential questions and metrics down to those of highest utility and importance. Inclusion of diverse perspectives helps balance tradeoff analyses through derivation of performance metrics that reflect multiple social, cultural and ecological goals (e.g., equity and diversity across profit, stability, and resiliency metrics). Finally, early engagement helps demystify models, encourages uptake and utility of results, and provides an iterative process for refining future MSEs.



Scanning the Horizon: New Ecosystem MSE Capabilities Required for Decision Making

Marine policy makers are increasingly confronted with spatial trade-offs as species shift distribution under climate change (Poloczanska et al., 2013), new ocean uses such as wind energy emerge3 (Kirkpatrick et al., 2017), and opportunities for spatial management strategies are developed (Hazen et al., 2018). Accounting for spatial structure in operating models remains a challenge for any MSE, and most analyses model a small number of zones to account for (for example) species migration (Hurtado-Ferro et al., 2014; O’Neill et al., 2014), as in the Pacific hake case study, and spatial differences in management regulations (Schweder et al., 1998; Bastardie et al., 2010), stock distribution (Dichmont et al., 2006) or population processes such as growth and recruitment (Punt et al., 2016a). Dichmont et al. (2013) designed a fine-scale MSE to evaluate spatial closures for Australia’s Northern prawn fishery, linking the spatially resolved operating model (Ecospace) to additional existing models of prawn population dynamics and effects of trawling within each grid cell. Beyond these examples, further incorporation of spatial processes in stock assessment (Mormede et al., 2017), the integration of species distribution models and population dynamics (Berger et al., 2017), and collection of fine-scale spatial data, should encourage MSE development at finer spatial resolutions. One caveat is that the configuration of spatial models may need to be reconsidered as species ranges shift under climate change. Though we have advocated ‘mix and match’ software approaches to combine available operating models and estimation models, we acknowledge that many such existing models were configured to match present-day species distributions and migratory behavior. The Pacific hake case study partly addresses the implications of future changes in migratory behavior within the California Current. However, larger scale shifts in distribution (Morley et al., 2018), driven by climate change, would force new geometries for operating models, such as the California Current and Gulf of Mexico Atlantis models which were structured around historical biogeography and fishing areas.

Similarly, improved capabilities for short and medium term ocean forecasting are needed for single species and ecosystem MSEs addressing climate impacts. While climate models provide forecasts at 50+ years that are at an appropriate timescale for many MSEs of long term harvest strategies, fishery stakeholders and managers are primarily interested in the short term performance of strategies and the implications of climate change on decisions made on the seasonal, annual, and 3–5 years timescales. Initiatives such as the NOAA Climate Fisheries Initiative (NOAA, 2020) that improve ocean model capability and availability and evaluate predictive ability at these management relevant timescales, will benefit MSE at multiple levels.

In any MSE process, one aspect of ‘scanning the horizon’ is to define ecosystem aspects (i.e., the structural design decisions) that are meaningful to users and practical and feasible for managers. For instance, trophic interactions need to be explicitly incorporated into the operating model if multi-species fisheries trade-offs are to be addressed. Length structure and time-varying growth of a stock realistically parameterized in an operating model can ultimately be used to inform its status and set catch size limits. Impacts of environmental drivers on population processes need to be represented in operating models if the potential to use climate or environmental indices for informing management is to be tested. These are critical design choices in the construction of estimation models and operating models.

Methods borrowed from integrated ecosystem assessment, such as conceptual models and risk assessments (Holsman et al., 2017) can be helpful to support these decisions and tailor the Ecosystem MSE to local needs. By qualitatively characterizing the components of fisheries systems and their interactions, conceptual models can provide an initial assessment of system feedbacks, response to perturbation, and possible management trade-offs (Dambacher et al., 2009; Harvey et al., 2016). Conceptual models and risk and vulnerability assessments can thus support the selection of ecological components and processes for the operating model, facilitate interdisciplinary communication, and help to set realistic objectives for the Ecosystem MSE (Heemskerk et al., 2003; Gaichas et al., 2016).

To inform future decision making, ecosystem MSEs should quantify performance in terms of a commonly applied set of metrics. Punt (2017) listed the standard set of performance metrics for single species MSE, including biomass, catch, variability of catch, and profit. However, Punt (2017) also noted the lack of consistent output metrics in ecosystem MSEs, though generally those metrics attempt to summarize status of habitats and non-target species, recovery of threatened and endangered species, and at times social and management objectives. In the last several years progress has been made, as many ecosystem modeling efforts have converged upon using similar sets of performance metrics based on ecological indicators and guild-level biomass (Marshall et al., 2017; Olsen et al., 2018; Fay et al., 2019; Hansen et al., 2019b; Kaplan et al., 2020; Nilsen et al., 2020). Further tailoring of ecosystem performance metrics requires long-term commitment to stakeholder engagement, which in the United States is typically at the level of Fishery Management Councils.



Institutional Support for Ecosystem MSE

In the United States, moving ecosystem MSE from an academic and research exercise to one relevant to decision making has required institutional investments (mostly by NOAA Fisheries) that can be replicated in other contexts. Firstly, NOAA Fisheries has committed to building expertise and capacity within the agency for enhanced use of MSEs and ecosystem MSE (e.g., Karp et al., 2018; Lynch et al., 2018). The NOAA Integrated Ecosystem Assessment program has identified MSEs as a core step in the assessment of the status of coupled social-ecological systems (Levin et al., 2013). Multiple strategic initiatives within NOAA Fisheries have identified ecosystem MSEs as important for effective management including the Climate Science Strategy (Link et al., 2015; Busch et al., 2016), and the Ecosystem-Based Fisheries Management Road Map (NOAA, 2016a, b) which provides a framework for ecosystem approaches and ecosystem modeling, and emphasizes MSE.

Secondly, MSE will increasingly benefit from a national (and international) focus on shared code via ‘toolbox’ support, including ecosystem, single species, economic, and protected species models housed within the NOAA Fisheries Integrated Toolbox4. This integrated, cross-disciplinary approach to hosting tools commonly used by NOAA Fisheries is in its early stages, with existing tools being added incrementally. However, by using a standardized, open-source approach, this toolbox creates the potential to better connect various tools, such as single species assessment models with ecosystem models (e.g., the atlantisom case study in this paper). This national approach to providing open access to vetted stock assessment tools has been beneficial for the progression of ecosystem MSEs, since developing a methodology for integrating ecosystem model outputs into broadly used assessment model platforms is easier, technically (e.g., atlantisom), and also provides an entry point to ecosystem considerations for the many United States fishery managers and decision makers familiar with these stock assessment models. Other available tools include methods for species distribution modeling, metapopulation dynamics, and risk assessment, among others. There is an obvious benefit of sharing lessons learned, code bases, and common tools across the disciplines within NOAA Fisheries, which ultimately reduces the time to build, test, and then use a model for an MSE application. In particular, a library of shared tools including existing vetted models for ecosystem MSE would reduce the timeframe needed for analytical development, and allow for more nimble response to management questions and allocation of necessary time to stakeholder engagement. Our move toward open access MSE tools emphasizing reproducibility builds on international efforts, including single species MSE (Kell et al., 2007) and related bio-economic frameworks (Garcia et al., 2017).

Thirdly, ecosystem MSEs in the United States benefit from recent developments in terms of model review and vetting by Fishery Councils and others. The MSE process explicitly aims to inform managers and stakeholders about the predicted implications of potential management actions. In accordance with developing scientific advice under the Magnuson-Stevens Fishery Conservation and Management Act (Anonymous, 2007), NOAA Fisheries utilizes the Center for Independent Experts (CIE)5 to perform independent peer review of agency science, and this process has previously been used to vet ecosystem models in the US (see footnote 3). However, the bulk of CIE reviews has been focused on single species stock assessments, and there is an increased demand for these as well as demand for new reviews of ecosystem models. Regional Fishery Councils should be involved early in the review process in order to facilitate understanding about model strengths and shortcomings prior to presenting MSE outputs at Council meetings. Lessons learned from successful ecosystem model reviews (Kaplan and Marshall, 2016) are being incorporated into ecosystem model updates, for example in the Northeast US.

We acknowledge that the institutional support for ecosystem MSE varies by region and nation. MSE has been used widely in South Africa and Australia, and is seeing growing use in Europe and North America in situations with relatively abundant resources to support the effort. A MSE approach in other contexts with fewer resources may look different, with simpler operating models and estimation models. The principles from the case studies we describe here still apply and relatively simple models (e.g., Carruthers and Hordyk, 2018) may be useful to form scenarios that explore uncertainty in the ecosystem implicitly (sensu Punt et al., 2014a). In some cases, limited resources may be better deployed to support a stakeholder process to improve buy-in of an eventual decision or adoption of a management procedure, rather than increasing model complexity. Ecosystem MSEs, like single species MSEs, cannot be a one size fits all approach, and need to take under consideration both research and management needs and available resources (Nakatsuka, 2017).




CONCLUSION AND NEXT STEPS

Management strategy evaluation, whether at the single species, multispecies, or ecosystem level, has the potential to greatly improve natural resource management by testing strategies in advance to show the potential benefits and drawbacks of each under uncertainty. Though MSE requires substantial investment, our experience within the United States has been that we gain efficiency, avoid legal challenges, and better scope the issues of a problem and in so doing improve decisions. More and more marine ecosystem stakeholders are seeing MSEs as a useful tool to address the challenges they are facing, and have begun to explicitly ask for more of this, such that NOAA Fisheries has recognized the need to expand capacity in this area. The case studies reviewed here demonstrate a wide range of applications of ecosystem information into MSE, as well as the advances in modeling – and better application of existing models – that can greatly increase the inclusion of ecosystem considerations in MSE. Although MSE is a substantial investment, it is well suited for complex questions surrounding ecosystem interactions.

Management agencies in the United States and around the world have identified needs for ecosystem MSEs. The United States Pacific Fishery Management Council recently hosted a workshop for the Scientific and Statistical Committees of the eight Regional Fishery Management Councils on the topic of MSEs to inform fishery management decisions. The workshop specifically identified “ecosystem MSEs” as a subcategory within MSEs, and noted the inherent challenges of incorporating ecosystem dynamics in the MSE process, given the complex nature of ecosystem functioning (DeVore and Gilden, 2019). The types of ecosystem MSEs identified at the workshop included MSEs focused on issues related to climate change, spatial management, multiple objectives and trade-offs, and predator-prey dynamics. Given the potential complexity of ecosystem MSEs, workshop participants emphasized the importance of effective communication to managers and stakeholders so they have enough information to remain engaged and contribute throughout the MSE process. Similarly, a Working Group of the International Council for the Exploration of the Sea (ICES) concluded that multi-species and technical (e.g., gear, mixed stock) interactions should always be included when necessary, or at a minimum, the given process be approximated to the extent possible (ICES, 2019). Also in recognition of the complexity of MSEs, ICES (2019) reviewed the common communication strategies used through much of Europe, provided an overview of available interactive graphics software, and suggested some standardization of communication tools within ICES. All of the case studies reviewed here have addressed ecosystem aspects identified by United States fishery managers, are generally consistent with international best practice, and demonstrate that the inherent challenges can be met.
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APPENDIX | GLOSSARY OF MSE TERMS

Despite focusing on examples from the United States, we generally follow MSE terminology consistent with a recent international tuna workshop (Anon, 2018). Key terms are listed below from that report, with our minor adaptations noted in bold italics.
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Definition [non-italicized text from Anon (2018)]

The process of fitting an Operating Model (OM) of the resource dynamics to the
available data on the basis of some statistical criterion, such as a Maximum Likelihood.
The aim of conditioning is to select those OMs consistent with the data and reject OMs
that do not fit these data satisfactorily and, as such, are considered implausible. We
note that conditioning OMs generally relies on statistical criteria, but some
multispecies OM cases also involve simpler comparisons with data, consistent
with Punt et al. (2016b).

Differences, primarily reflecting uncertainties in the relationship between the actual
dynamics of the resource (described by the OMs) and observations. Four types of error
may be distinguished, and simulation trials may take account of one or more of these: -
Estimation error: differences between the actual values of the parameters of the OM
and those provided by the estimator when fitting a model to the available data; -
Implementation error: differences between intended management actions (as output by
an MP) and those actually achieved (e.g., reflecting over-catch); - Observation error (or
measurement error): differences between the measured value of some resource index
and the corresponding value calculated by the OM; - Process error: natural variations in
resource dynamics (e.g., fluctuations about a stockrecruitment curve or variation in
fishery or survey selectivity/catchability).

The statistical estimation process within a population model (assessment or OM); in a
Management Strategy Evaluation (MSE) context, the component that provides
information on resource status and productivity from past and generated future
resource-monitoring data for input to the Harvest Control Rule (HCR) component of a

Management Procedure in projections.
A pre-agreed and well-defined rule or action(s) that describes how management should
adjust management measures in response to the state of specified indicator(s) of stock
status. This is described by a mathematical formula.

Some combination of monitoring, assessment, harvest control rule and management
action designed to meet the stated objectives of a fishery. Sometimes referred to as a
Management Strategy (see below). A fully specified harvest strategy that has been
simulation tested for performance and adequate robustness to uncertainties is often
referred to as a Management Procedure. In our case studies, we use the term
“management strategy” rather than candidate “Management Procedure,” but
with the understanding that these are synonymous in our examples. Our case
studies utilize simulation testing.

A process whereby the performances of alternative harvest strategies are tested and
compared using stochastic simulations of stock and fishery dynamics against a set of
performance statistics developed to quantify the attainment of management objectives.

A mathematical-statistical model (usually models) used to describe the fishery dynamics
in simulation trials, including the specifications for generating simulated resource
monitoring data when projecting forward in time. Multiple models will usually be
considered to reflect the uncertainties about the dynamics of the resource and fishery.
A set of statistics used to evaluate the performance of Candidate Management
Procedures against specified management objectives, and the robustness of these
Management Procedures to important uncertainties in resource and fishery dynamics.
The process of estimating stock abundance and the impact of fishing on the stock,
similar in many respects to the process of conditioning OMs. We use “stock
assessment” to refer to both actual stock assessments of historical data, and
simulated stock assessments (applications of estimation models) within MSE.
These simulated assessments can involve simulated past or future data.

The component of the OM that generates fishery dependent and/or fishery-independent
resource monitoring data from the underling true status of the resource provided by the
OM, for input to a Management Procedure or Management Strategy.





