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Ecological and socio-economic indicators are used as proxies for attributes of ecosystems and human communities, respectively. End-to-end models are used to predict how ecosystems will respond to alternative management actions and changing environmental conditions. Despite the importance of these two tools for Ecosystem-Based Management (EBM), there has been limited integration of ecological indicators directly into end-to-end models; the former are typically calculated post hoc with output from the latter. Here we explore how ecological indicators can be better incorporated into end-to-end models and examine the importance of this union with regards to cumulative impacts and indirect effects, setting management objectives, practical indicator selection, and applications to management. We conclude that the inclusion of ecological indicators in end-to-end models is not only feasible, but provides needed guidance on describing ecosystem status relative to strategic as well as tactical ecosystem-level management goals, and will escalate the implementation of EBM.
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INTRODUCTION

Marine resource management at the ecosystem level is becoming a useful approach to complement single-species, single-sector, and single-impact assessments (Link et al., 2012; Gaichas et al., 2017; Link and Browman, 2017). Given the theoretical advancements in understanding whole ecosystems, there is a growing global imperative to implement ecosystem-based management (EBM) – a management approach that recognizes the full array of interactions within an ecosystem and accounts for multiple human uses, complexity, cumulative impacts, indirect effects, emergent properties, and tipping points (Christensen et al., 1996; McLeod et al., 2005; Link et al., 2015). The rationale and descriptions thereof are replete (e.g., Leslie and McLeod, 2007; Link and Browman, 2014) and not repeated here; the salient point is how to operationally implement EBM. Current strategic policies are actively aiming to use ecosystem-level science to guide decisions in marine management: e.g., the European Union Marine Strategy Framework Directive (MSFD: Palialexis et al., 2014), Commission for the Conservation of Antarctic Marine Living Resources (Constable et al., 2000; Constable, 2011), Australia’s Ocean Policy (Smith et al., 2007), and National Oceanographic and Atmospheric Administration’s Ecosystem-Based Fisheries Management Policy (Noaa-Fisheries, 2016).

The development and uses of both ecological and socio-economic indicators in current ecosystem-level ocean management have greatly increased over the last decade. The importance of ecological indicators to marine ecosystem management has been made evident in global projects such as IndiSeas (Shin and Shannon, 2010), International Council for the Exploration of the Sea working groups (ICES: Tam et al., 2017b) and the Food and Agriculture Organization of the United Nation’s (FAO) approach to sustainable fisheries management (Garcia et al., 2000; Punt et al., 2001). Operationally, ecological indicators have been selected for use directly in marine policy by a number of countries to determine the state of ecosystems (Fulton et al., 2005; Thrush et al., 2011; Levin et al., 2014; Shephard et al., 2015; Jackson et al., 2016). Socio-economic indicators have been used to identify communities vulnerable to fishing collapses and climate change (Pollnac et al., 2015; Colburn et al., 2016). Indicators act as proxies to simplify complicated trends in multiple biological, environmental or anthropogenic variables and are immensely useful to conservation and resource management (Methratta and Link, 2006; Link et al., 2009; Blanchard et al., 2010; Shin and Shannon, 2010; Coll and Lotze, 2016). Ecological indicators can help to reveal overarching patterns in ecosystems, while socio-economic indicators can help to quantitatively define management objectives and determine the achievement of those objectives. By capturing the emergent properties, cumulative impacts, and indirect effects of ecosystems and human communities through indicators (Link et al., 2015; Pollnac et al., 2015) and developing ecosystem-level reference points (ELRPs; Large et al., 2015b; Samhouri et al., 2017a; Tam et al., 2017a), it is possible to avert negative scenarios such as the loss of jobs, overfishing, hypoxia, or stock collapse (Rabalais et al., 2002; Fay et al., 2015).

End-to-end ecosystem models are important tools to collate, understand and predict key features of marine ecosystems (Travers et al., 2007; Fulton, 2010; Rose et al., 2010; Collie et al., 2014; Tittensor et al., 2017; Lotze et al., 2019). The most commonly used marine end-to-end model is Ecopath with Ecosim and Ecospace (Polovina, 1984; Walters et al., 1999; Christensen and Walters, 2004). Ecopath is a mass-balance model of energy flows in an ecosystem, while Ecosim produces time dynamic simulations of the initial Ecopath model, and has been used primarily for fisheries policy exploration. Ecospace allows for the consideration of spatial management by including habitat dependency, migration, and fisheries distributions among other spatially explicit parameters. Large biogeochemical-based models such as Atlantis (Fulton et al., 2011) incorporate human dynamics which have model applications to concentrate on questions spanning all parts of the adaptive management cycle (Jones, 2009). Atlantis connects the biophysical system, human users (primarily industry), monitoring, assessment, management decision processes, and socio-economic drivers of human use and behavior (Fulton et al., 2011). The Atlantis model is capable of addressing policy needs, balancing socio-ecological objectives of human activities and clearly presenting potential trade-offs (Weijerman et al., 2016). Most importantly, Atlantis can test the feasibility of management strategies before they are implemented in reality (Fulton et al., 2011), which is an important step to exploring fisheries, coastal zone, and related ocean-use management actions up to and including full EBM scenarios (e.g., Fulton et al., 2014). Agent-based models such as OSMOSE (Shin and Cury, 2001) and in vitro (McDonald et al., 2006) include individual-based, age-structured fish or predator population and trophic interaction models, biogeochemical plankton production models, hydrodynamic and environmental models, habitat models and representations of human activities. These models use decision algorithms that allow for fluid representation of processes like movement, growth, phenotypic expression, and evolution, making them a useful tool for examining fine scale interactions and responses to the impacts of large scale drivers (Fulton, 2010; Rose et al., 2010).

Many end-to-end models are designed to perform ecosystem-level scenario analysis and Management Strategy Evaluations (MSEs) where ecosystem dynamics can be explored under a variety of plausible management, climate, oceanographic and human use conditions (Fulton et al., 2014; Masi et al., 2018). The MSE process ultimately aims to explore the results from a set of management strategies to compare how well they meet specified management objectives. Other end-to-end models also exist, but the increasing global use of end-to-end models as a common tool is the direct result of public, scientific, and management concerns and interests in examining system-level or indirect effects in multiple use scenarios. Furthermore, the fast pace with which ecosystem level end-to-end models are evolving is strong indication of their importance in furthering EBM.

The importance of both indicators and end-to-end modeling to the future of EBM is clear, yet there has been limited integration of indicators directly into end-to-end models. Currently, ecological indicators are typically calculated as post hoc analyses from end-to-end model simulations (Coll and Steenbeek, 2017; Masi et al., 2017). In doing so, the ability to use information from indicators on cumulative impacts and indirect effects to adjust management actions is lost and not captured within model simulations. Here we aim to describe how indicators and end-to-end models are mutually beneficial to each other, how they can be better integrated to improve the understanding of ecosystem dynamics and, in turn, facilitate more successful management actions. Ultimately, these two tools together will increase the accuracy of end-to-end model predictions to provide operational management advice at the ecosystem-level.

VALUE OF INDICATORS FOR END-TO-END MODELS

To execute EBM, ecosystem modeling tools are advisable to collate, synthesize and predict ecosystem dynamics related to cumulative impacts (Korpinen and Andersen, 2016), indirect effects (Crain et al., 2008), emergent properties (Link et al., 2015) and ELRPs (Tam et al., 2017a). There is widespread empirical support that ecosystem-level emergent properties and reference points can be calculated for multiple marine ecosystems using thresholds from empirically derived ecological indicators (Link et al., 2012, 2015; Large et al., 2015a, b; Samhouri et al., 2017a; Tam et al., 2017a). These key fundamental features have been revealed through ecological indicators, adding to strong theoretical support of global ecosystem patterns. Link et al. (2015) found common sigmoidal cumulative biomass-trophic level curves and “hockey stick” cumulative production-biomass curves across 120 marine ecosystems that can help delineate when marine ecosystems are perturbed or recovered. Large et al. (2015a), Samhouri et al. (2017a) and Tam et al. (2017a) have found common multivariate ELRPs for ecological indicators along both anthropogenic and environmental pressure gradients. This comparative work of ecological indicator ELRPs showed that, generally, total landings above ∼2–4 t km–2 yielded significant changes in ecosystem state which was consistent with surplus production models for multiple marine ecosystems (Bundy et al., 2012; Link et al., 2012; Tam et al., 2017a). Friedland et al. (2012) and Tam et al. (2017a) found that there was a notable increase in monthly fishery yield and ecosystem shift, respectively, when primary production was above ∼0.7 mg m–3.

Many of these ecosystem dynamics can be captured with end-to-end models, and thus can be used to help evaluate the consistency and skill of ecosystem model structures (e.g., do indicators from end-to-end models respond to ecosystem drivers similarly as observed). This often requires post hoc processing. For example, the ECOIND plug-in for Ecopath with Ecosim (Coll and Steenbeek, 2017) can calculate a number of indicators (biomass, catch, trophic, size, and species based), but does so after Ecopath, Ecosim or Ecospace has been run. Masi et al. (2017) used the Gulf of Mexico Atlantis model to define indicators that are sensitive to changes in fishing mortality through post hoc calculations of indicators from model outputs under differing fishing scenarios. Olsen et al. (2018) calculated a suite of indicators from the output of a set of Atlantis models and used them to compare ecosystem responses to fishing, spatial management, and ocean acidification both within and between marine ecosystems. In all these examples, the end-to-end model outputs were handled post hoc, not as an integrated part of the modeling and analytical efforts.

While these applications are useful for isolating indicators that are sensitive to particular pressures (e.g., fishing mortality, pollution, etc.), incorporating calculation of these indicators directly into end-to-end models will better reveal overall ecosystem dynamics. Doing so will better facilitate examination of cumulative effects and elucidate indirect impacts, by capturing unintended consequences, exploring synergistic and antagonistic dynamics, and integrating scales and multiple biological features in an end-to-end model setting. This is because calculating indicators post hoc from model output only allows analysts to view indicator snapshots that might not fully detail the way in which values for indicators change over time and space within the model domain. This is not a problem solely with indicators. Essentially having these indicators embedded as part of end-to-end models will enable model users to better account for the second order, non-linear, and indirect effects common in ecosystem models (Kaplan et al., 2010, 2013; Fay et al., 2017). Fay et al. (2017) examined the impacts of ocean acidification on the Atlantis-Northeast US ecosystem model. They determined that impacts to the Northeast US food web extended beyond groups that were thought to be most vulnerable, however, the precise nature of these post hoc analyses were difficult to interpret.

Calculating indicators outside of model simulations captures some of the ecosystem dynamics, but removes the possibility of including feedback loops from indicator values to system dynamics within the model runs, say as the result of management action. Post hoc calculation also negates the ability to track behavioral responses of human activities within the model domain by using ELRPs as part of the model dynamics. Incorporating indicators directly within models will better capture the nuances of these dynamics and allow for the exploration of synergistic management action which has been shown to be more efficient and effective at restoring depleted populations (Crain et al., 2008; Smith et al., 2015; Samhouri et al., 2017b). Embedding indicators as part of end-to-end models allows for “real-time” testing and use of ELRPs for management action. Including these indicators with ELRPs facilitates the ability to test and track their performance, thus advancing the recommended levels and use of ELRPs (Samhouri et al., 2010; Large et al., 2015a, b; Link, 2017; Tam et al., 2017a). This in turn will facilitate the validity and uptake of ecosystem model output by using these standard decision criteria that have been tested and validated.

Indicators also play an important role in evaluating end-to-end model skill (i.e., calibration, validation, and how much confidence to have in the model) and performance. There are numerous methods that can be used to assess end-to-end model skill, but most commonly, model parameters are adjusted to plausible levels (changes made within confidence limits of observed monitoring or assessment data) or are matched to estimates from time series data. This is frequently an iterative process that is unique to each model type, but general guidelines and best practices are documented in the literature (Shin and Cury, 2001; Link et al., 2011; Heymans et al., 2016; Steenbeek et al., 2016). Indicators act as a pathway to assess model skill by additionally including emergent properties that reflect the interactions between model components. Incorporating indicators in the initial development of an end-to-end model would ensure that observed emergent properties and dynamics of the ecosystem will be captured. Olsen et al. (2016) found that indicators were an important consideration when assessing model skill because they could examine emergent properties of ecosystems across a range of spatial levels and metrics (i.e., an indicator of broad system properties is total biomass, an indicator of narrower system properties is charismatic megafauna biomass). By using indicators alongside other data sources (i.e., single species and human use metrics) end-to-end models can be evaluated on their utility for making predictions (hindcast or forecast) for whole socio-ecological systems. Having indicators directly in the models further facilitates this skill evaluation.

A consistent challenge in EBM and MSEs is the task of setting and defining management objectives. While ELRPs for ecological indicators quantitatively define tipping points in ecosystems that translate to avoidance points for managers, setting management objectives for human uses of marine ecosystems beyond a fisheries lens can be difficult. International biodiversity targets such as Aichi or the trade restrictions by the Convention on International Trade in Endangered Species of Wild Fauna and Flora can be used to define ocean policy (CITES, 1973; CBD, 2011; Juffe-Bignoli et al., 2016), but considerations for human coastal community health and well-being are seldom considered in management scenarios. This is not surprising, since measures of well-being have been difficult to quantify (e.g., cultural attachment, job satisfaction, health, and safety) even despite the establishment of specific limits on pollutant concentrations in coastal communities. Recently, however, there has been development of socio-economic indicators that track patterns of community vulnerability and well-being, further elucidating some of the complexity of the human dimension of EBM (Bowen and Riley, 2003; Pollnac et al., 2015; Colburn et al., 2016; Auad et al., 2018). These indicators embedded in end-to-end models will add nuance to the more conventional management considerations (e.g., total allowable catches to commercial fisheries, recreational fishing opportunities) by incorporating patterns of human behavior and overall community health. Furthermore, developing ELRPs for socio-economic indicators will help to quantitatively set management objectives. For example, system-level optimal yields can be calculated as ELRPs for socio-economic indicators that define the amount (or ranges) of resource extraction (for fisheries) needed to maintain community health (avoiding, for example, long-term poverty). With simultaneous explorations of both ecological and socio-economic management objectives within end-to-end models we can begin to quantitatively assess tradeoff spaces (Rockstrom et al., 2009; Link, 2010; Dearing et al., 2014) that avoid ecological regime shifts (e.g., stock collapses) and undesirable shifts to human coastal communities (e.g., increased outmigration).

VALUE OF USING END-TO-END MODELS FOR INDICATORS

Ecosystem-Based Management is reliant on the use of ecological indicators to assess ecosystem status. This is evident from the inclusion of ecological indicators in frameworks for a number of EBM programs including the Integrated Ecosystem Assessments (Levin et al., 2009, 2014; Walther and Mollmann, 2014) and the MSFD (Palialexis et al., 2014). Several international efforts have been made to determine a pragmatic set of ecological indicators to assess marine ecosystem status (Fulton et al., 2005; Shin et al., 2010; Tam et al., 2017b; Fu et al., 2019). While much of the development and selection of indicators has been done through time-series and pressure-response relationships with human or environmental pressures (Methratta and Link, 2006; Large et al., 2013), there is much to be gained from using end-to-end models to advance the uses of indicators for ecosystem management.

In many cases, scientists and managers have to work within specified budgets with which to develop research and monitoring to meet specific objectives in EBM (Fulton et al., 2005; Niemeijer and de Groot, 2008). The number of ecological indicators found in the literature to evaluate marine ecosystems can be overwhelming, and determining the “Goldilocks” number of indicators (i.e., not too few, not too many, but just right) can be a challenge. There are numerous methods to reduce the number of indicators needed for practical use in EBM and to limit bias in the representation of an ecosystem attribute (Link et al., 2002; Rice and Rochet, 2005). Tam et al. (2017b) used expert opinion to develop selection criteria to determine a standard set of five food-web indicators from 60 potential indicators. Bundy et al. (2017, 2019) reduced 358 possible indicators used to represent the Scotian Shelf region to a set of 30 indicators through a series of qualitative (selection criteria) and quantitative (redundancy analysis) screening. They also examined these indicators across multiple spatial levels (the strata, regional, and ecosystem level) and determined that different sets of indicators were most effective at detecting changes at each spatial level. To build upon this work, it would be beneficial to adjust end-to-end model parameters to identify which suites of indicators best represent impacts to major concerns or priorities (i.e., maintaining fisheries yields, maximizing biodiversity). Model based approaches to selecting indicators and assessing them against known pressures (human activities, climate, etc.) have a substantial advantage over other methods (e.g., expert opinion, time series trends, multivariate dimension reduction, etc.) as they are not as heavily reliant on up-to-date field data and can be more cost effective.

While there is a wide breadth of indicators that have been vetted for current use in EBM, there is a continuous stream of indicators being conceived and developed. Tam et al. (2017b) identified a number of proposed ecosystem-level food-web indicators that were underdeveloped or lacked necessary data to be considered operational. They suggested that these indicators be re-evaluated for operational use in light of new information. As such, this iterative process to develop indicators is a key step in many EBM frameworks to better understand ecosystem dynamics and ensure that management objectives are met (Levin et al., 2014; Walther and Mollmann, 2014; Queirós et al., 2016). End-to-end models are the perfect platform to test the validity (Which ecosystem attribute is this indicator a proxy for?), sensitivity (What is the capacity of this indicator to detect change in the ecosystem attribute?), and specificity (What is the level of confidence with which the variation of an indicator can be attributed to a particular pressure?) of these un-vetted indicators (Houle et al., 2012; Ortega-Cisneros et al., 2018; Shin et al., 2018). Fulton et al. (2005), Samhouri et al. (2009), Kaplan et al. (2013), Olsen et al. (2018) and Ortega-Cisneros et al. (2018) used end-to-end model simulations to examine the impacts of fishing and climate on indicators. In these studies model simulations were projected at different levels of fishing or environmental variability and indicators were calculated from these outputs and examined against ecosystem attributes (to examine validity and sensitivity) or pressures (specificity). These post hoc analyses of indicators are useful and informative, however, including some of these indicators into existing end-to-end models directly could identify the utility of underdeveloped indicators or to screen for less useful indicators by examining any changes to model performance when adding or subtracting new indicators. This would remove the need for potentially subjective expert opinion from indicator selection processes and allow for more objective, quantitatively based evaluation of indicator performance and selection.

SUMMARY AND CONCLUSION

Successful EBM requires the ability to account for cumulative effects and indirect impacts of human and environmental pressures at the ecosystem level while also accounting for single sector assessments such as fishing mortality from stock assessments or risk analysis for energy exploration (McLeod et al., 2005; Link, 2010; Stelzenmüller et al., 2018). Indicators and end-to-end models are both ecosystem-level management tools already in use that can account for the complexity of interactions within ecosystems alongside single sector assessments that need to be operationalized for EBM (Fulton et al., 2011; Patrick and Link, 2015; Weijerman et al., 2015; Link and Browman, 2017). Evidence from multispecies models using control rules derived from indicator thresholds suggests these models were able to perform better against catch and biodiversity objectives than when harvests were based solely on single-species advice (Fay et al., 2015; Fulton et al., 2019). Kaplan et al. (2013) found that there was a mix of additive and non-additive impacts to fish in model simulations when using indicators as performance measures. Some fleets had a direct impact on target and Bycatch species without extending to other parts of the food web, while other fleets showed unintended impacts on groups beyond the targeted species. These examples of indicators used with end-to-end models reveal that ecosystem-level examinations of pressures on systems necessitates dynamic and mixed approaches that cannot be achieved through single sector management alone.

By integrating indicators into end-to-end models, the patterns, properties and impacts on indicators within simulations can be tracked and also used to help make “virtual” management decisions. Fundamental changes to the model structure and behavior would likely occur through the incorporation of indicators to end-to-end models compared to current versions that operate without. For example, including existing indicator time series in the model fitting process (e.g., Scott et al., 2015) or Monte Carlo routine (e.g., Steenbeek et al., 2018) would constrain model outputs, change simulation results, and potentially improve model uncertainty. Much like the integration of harvest control rules for fisheries into end-to-end model MSE simulations, management actions based on systemic properties through indicators can be used in the simulation process to track management actions based on ELRPs (Figure 1). Fay et al. (2015) describes how the incorporation of ELRPs can improve model management performance using a multispecies model. Incorporating indicators into more complex, end-to-end models would increase the ability to leverage a fuller suite of indicators that span a broader range of objective types. Indicator-based management decisions can be made in “virtual” real-time, thereby better tracking the feedback that such decisions will make on the ecosystem features being monitored and managed. This would give managers and policy makers a tool that incorporates cumulative impacts and indirect effects to fully explore the tradeoffs required to balance the needs of both people and ecosystems, with a better sense of the “non-delayed” (i.e., “real-time”) ramifications of such decisions.


[image: image]

FIGURE 1. Example of including indicator information into management decisions within end-to-end model simulation where the indicator for each time step is calculated and then compared to ecosystem-level reference points (ELRPs) or thresholds. A management decision is then made, and if necessary human activity is adjusted.



There have been numerous advancements in indicator development and end-to-end modeling over the last decade, with an increasing interest from policy makers and stakeholders to move toward EBM (Patrick and Link, 2015). While there has been increasing joint use of indicators with end-to-end models, there has yet to be a true merger of these two tools. We recommend (1) that direct integration of indicators into end-to-end models should be used to improve model skill and performance, (2) that end-to-end models be used to test un-vetted indicators and to develop suitable indicator suites that effectively represent both ecosystem state and community well-being and (3) that these two tools be used together to develop both strategic and tactical management advice using ELRPs of ecological and socio-economic indicators in addition to testing feasible management strategies. We assert that the benefits of integrating these tools will be greater than the sum of its parts and will further the ability of scientists and managers to implement EBM.
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