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Large Pelagic Fish Are Most Sensitive to Climate Change Despite Pelagification of Ocean Food Webs
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Global climate change is expected to impact ocean ecosystems through increases in temperature, decreases in pH and oxygen, increased stratification, with subsequent declines in primary productivity. These impacts propagate through the food chain leading to amplified effects on secondary producers and higher trophic levels. Similarly, climate change may disproportionately affect different species, with impacts depending on their ecological niche. To investigate how global environmental change will alter fish assemblages and productivity, we used a spatially explicit mechanistic model of the three main fish functional types reflected in fisheries catches (FEISTY) coupled to an Earth system model (GFDL-ESM2M) to make projections out to 2100. We additionally explored the sensitivity of projections to uncertainties in widely used metabolic allometries and their temperature dependence. When integrated globally, the biomass and production of all types of fish decreased under a high emissions scenario (RCP 8.5) compared to mean contemporary conditions. Projections also revealed strong increases in the ratio of pelagic zooplankton production to benthic production, a dominant driver of the abundance of large pelagic fish vs. demersal fish under historical conditions. Increases in this ratio led to a “pelagification” of ecosystems exemplified by shifts from benthic-based food webs toward pelagic-based ones. The resulting pelagic systems, however, were dominated by forage fish, as large pelagic fish suffered from increasing metabolic demands in a warming ocean and from declines in zooplankton productivity that were amplified at higher trophic levels. Patterns of relative change between functional types were robust to uncertainty in metabolic allometries and temperature dependence, though projections of the large pelagic fish had the greatest uncertainty. The same accumulation of trophic impacts that underlies the amplification of productivity trends at higher trophic levels propagates to the projection spread, creating an acutely uncertain future for the ocean’s largest predatory fish.
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INTRODUCTION

Anthropogenic greenhouse gas emissions are increasing global ocean temperatures, altering stratification and mixed layer depths, and decreasing pH and dissolved oxygen (Stocker et al., 2013). Centennial-scale projections with coupled climate-ocean-biogeochemistry Earth system models (ESMs) show global increases in temperature, and most project decreases in primary productivity (Bopp et al., 2013; Stocker et al., 2013). Ocean temperature and productivity exert strong controls on marine fish biomasses and distributions. Temperature directly impacts physiological rates and thus energy supply and demand. As a consequence, cooler habitats can support greater biomasses per unit of energy supply than warmer ones (Brown et al., 2004). Additionally, temperature indirectly affects ecosystem structure through the effects of stratification on primary production. Thermal stratification maintains phytoplankton in the euphotic zone while it impedes the upward movement of nutrients from below the mixed layer. Regionally, the temporally evolving interplay between access to light and nutrients shapes both the total amount of primary production, its seasonality, and the size of primary producers (e.g., Behrenfeld and Boss, 2014). Beyond temperature, fish abundances are also related to measures of ecosystem productivity. The total amount of energy available at the base of the ecosystem and phytoplankton size affect the number of trophic steps between primary producers and fish, and thus the amount of energy available to upper trophic levels (Ryther, 1969; Pauly and Christensen, 1995).

The combined effect of decreased energy at the base of the food web and increased energy demand from higher temperatures leads to projections of decreased fish biomasses (Cheung et al., 2010; Blanchard et al., 2012; Bryndum-Buchholz et al., 2019; Carozza et al., 2019; Lotze et al., 2019) and smaller individual sizes (Blanchard et al., 2012; Audzijonyte et al., 2013; Cheung et al., 2013; Lefort et al., 2015; Lotze et al., 2019) under climate change. However, many of these models rely on net primary production (NPP) as a forcing variable, yet there is a large degree of uncertainty in NPP across ESM projections (Bopp et al., 2013). Furthermore, the connections between primary productivity and fish catches are complex. Empirical studies have found that NPP alone is a weak predictor of regional variations in total fish biomass (Ryther, 1969; Friedland et al., 2012; Stock et al., 2017). Rather, the production of fish biomass is closely tied to the separation of NPP into pelagic and benthic secondary production and the total amounts of these two types (Friedland et al., 2012; Stock et al., 2017). van Denderen et al. (2018) expanded this work by hypothesizing that the ratio of the two pathways from NPP to fishes influences which fish functional type dominates. The ratio of the fraction of NPP that remained in the pelagic to the fraction that was exported to the seafloor explained the majority of the deviance in the relative biomass of large pelagic fish vs. demersal fish in commercial landings (van Denderen et al., 2018). When the amounts of pelagic and benthic resources are similar, the generalist demersals are able to outcompete the large pelagic specialists by feeding on both resource pools while the large pelagics only have access to one. Mechanistic food web models have also verified this statistical relationship between the fraction of pelagic and benthic resources (van Denderen et al., 2018; Petrik et al., 2019). Global simulations of the Fisheries Size and Functional Type (FEISTY) model using a recent historic climatology indicated that large-scale spatial differences in the dominance of large pelagic vs. demersal fishes is strongly related to the ratio of pelagic zooplankton production to benthic production (Petrik et al., 2019).

The partitioning of production between pelagic and benthic pathways also helps explain latitudinal patterns in the distributions of large pelagic fish and demersal fish. In oligotrophic waters, like the continuously stratified subtropical gyres, the majority of NPP is recycled within the mixed layer via microbial pathways that support microzooplankton grazers in the pelagic zone. In contrast, the light-limited high latitudes experience strong but short blooms in NPP with high interannual variability. The variability in bloom timing can lead to a mismatch between phytoplankton and the zooplankton grazer population, which has been reduced to low levels via deep winter mixing, resulting in an ungrazed fraction of NPP that is available for export (e.g., Lutz et al., 2007). The degree of zooplankton-phytoplankton coupling, quantified as the fraction of NPP grazed by zooplankton, is projected to increase in the more stratified conditions produced by climate change (Stock et al., 2014a). Direct temperature effects reinforce bloom-driven latitudinal patterns in pelagic vs. benthic resources, and introduce additional sensitivities to climate change. Increasing particle remineralization rates under warmer temperatures during export may reduce the amount of organic carbon that reaches the seafloor (Pomeroy and Deibel, 1986; Laws et al., 2000; Laufkötter et al., 2017), though remineralization is also modulated by oxygen and biogenic and lithogenic minerals (Armstrong et al., 2002; Klaas and Archer, 2002).

The diverse pathways connecting ocean productivity and fisheries and their myriad susceptibilities to climate change underscores the need for models capable of resolving these pathways and resolving the fish functional type-specific responses to the climate-driven changes in them. Furthermore, to integrate climate drivers, global fish models such as those considered by Lotze et al. (2019) often rely on emergent regularities between physiological/ecological rates and organism size and temperature (e.g., von Bertalanffy, 1960; Perrin, 1995). These relationships are subject to significant uncertainties (e.g., Clarke and Johnston, 1999; Rall et al., 2012) whose impacts on projected changes in fish abundance and production have not been systematically explored, to the best of our knowledge.

In this paper, we contribute to addressing these limitations by assessing the impacts of changing energy flow pathways between phytoplankton and fish by projecting the changes in global production of three primary commercial fisheries functional types, forage, large pelagic, and demersal fishes, under IPCC RCP 8.5 through 2100. We use the FEISTY model (Petrik et al., 2019), which resolves trophic interactions and basic life cycle processes for each of the functional types of interest (Figure 1). We focus on patterns of trophic amplification, contrasts in the response of fish functional types, and the sensitivity of both these critical processes to uncertainties in widely applied metabolic allometries and temperature dependences in fisheries models.
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FIGURE 1. Model structure denoting the two zooplankton size classes, three fish size classes, three functional types, two habitats, and two prey categories. (A) Size-based feeding interactions. Dashed line denotes feeding preference of <100%. For demersal fish (green), feeding in the pelagic only occurs in regions ≤200 m deep. (B) Life cycle dynamics including growth into a different stage/size class (solid arrows) and reproduction (dotted arrows). Fauna silhouettes courtesy of the Integration and Application Network, University of Maryland Center for Environmental Science (ian.umces.edu/symbols/).




MATERIALS AND METHODS

The projections integrate three model complexes that span physics, biogeochemistry, lower trophic level production, and fish production. In the following sections, we present an overview of the fish production (FEISTY) model (section “FEISTY: A Global Fisheries Model”), details on the Earth system model (ESM2M-COBALT) that provides the physics, biogeochemistry, and lower trophic level production (section “Ocean and Biogeochemical Projections”), a description of how parameter uncertainty was incorporated into projections (section “Projection Uncertainty”), and specifications on the simulations that were run and their analysis (section “Simulations and Analyses”).


FEISTY: A Global Fisheries Model

The fish community in FEISTY describes the three main commercially harvested fish functional types. Each type resolves the life cycle from eggs to adults, with growth and reproduction depending on consumed food. The model is based on the physiology of an individual fish of a given size: its prey encounter, ingestion, and assimilation, its metabolic costs, and its allocation of net energy between somatic growth and reproduction. The scaling from individuals to the fish community is done by respecting mass balance. A detailed description of the fish model is given in Petrik et al. (2019).

The three functional types are forage fish, large pelagic fish, and (large) demersal fish. Each functional type is defined by its maximum body size (medium for forage fish; large for large pelagics and demersals), its habitat, and its prey preference. Within each group the size structure is represented by 2–3 life stages from 1 mg to 0.25 kg (all types) and to 125 kg (only large pelagics and demersals) (Table 1). The prey preference changes with body size. Fish eat prey that is smaller than themselves, either zooplankton, other fish, or benthos, and that live in the same habitat (Figure 1A). The habitat is either benthic or pelagic and changes with ontogeny. All larvae (fish in the first size group) are pelagic. Forage fish and large pelagics are also pelagic in the one or two next size groups. Demersal fish transition to benthic feeding in the medium (juvenile) size group. The adults are fully benthic in areas where the water column is >200 m, while in shallower areas they may feed in both the benthic and pelagic zones. This difference in habitat means that the forage and large pelagic fishes feed only on the pelagic energy pathway, while the demersal fish act as generalists that also feed on benthos. Benthic invertebrates are modeled separately from the fish functional types. They are represented by a biomass pool with no explicit size that is governed by additions via the detrital flux to the seafloor multiplied by a transfer efficiency and losses to predation by demersal fish.


TABLE 1. Model parameters and simulated variables referenced in the main text (see Table 2 and Petrik et al., 2019 for full list).
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The energy budget of an individual fish is described through ingestion with a Type II functional response. There is a constant fraction lost in the assimilation process and another loss to metabolism. The rate of biomass-specific available energy assimilation is:
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where Mi (d–1) is the metabolic rate of size group i, a is the assimilation efficiency, and I (d–1) is the ingestion rate. The available energy is used for somatic growth and reproduction, with reproduction only by the last size class (Figure 1B). Metabolism and all components of ingestion (encounter rate and maximum consumption rate) scale with body size via empirically determined allometric relationships of the form:
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where k governs temperature sensitivity by comparing habitat temperature, T, to the reference, T0, w is weight, b is the size scaling exponent, and a is a constant factor. The exponential increase with temperature is akin to other forms such as the Arrhenius equation, based on Boltzmann activation energy, or the Q10 function, representing the rate of change with an increase of 10°C. Similar temperature- and mass-dependent functions are broadly applied in fisheries and marine ecosystem models (e.g., Tittensor et al., 2018), and sensitivity of trophic amplification and functional type-specific responses to these scalings will be a key facet of the analyses herein (see section “Projection Uncertainty”). Natural mortality, which represents mortality from sources other than piscivory, is independent of size and temperature and set at the constant value of 0.1 y–1 for all fish.

Scaling from the available energy to the group level is done as a size structured model (Andersen et al., 2016) based on a simple numerical scheme that reduces each size group to an ordinary differential equation coupled to the other size groups (De Roos et al., 2008). In this way the entire fish community is represented by 2+3+3 = 8 ordinary differential equations. Each spatial grid cell is comprised of this set of 8 equations and is independent of its neighbors. At this time there is no movement of the fishes or invertebrates, though the ESM inputs used to drive the model (see section “Ocean and Biogeochemical Projections”) reflect the effects of temporally varying horizontal and vertical velocities. The model is advanced in time with a forward-Euler scheme integrated with a daily time step, which is stable at these temporal and spatial scales (Watson et al., 2015; Petrik et al., 2019).

The structure of FEISTY shares many characteristics with other size-based fish community models (Maury, 2010; Blanchard et al., 2011; Jennings and Collingridge, 2015; Carozza et al., 2016; Andersen, 2019): it is based upon predation fueling growth and reproduction while inflicting mortality on the prey. The model differs from others in three ways. For one, production of new offspring directly relies on energy available for reproduction without any other density dependent effects or carrying capacity. Further, it represents the difference between pelagic and benthic energy pathways (as in Blanchard et al., 2011) by representing pelagic and demersal fish functional groups. Finally, FEISTY is mass-balanced with respect to its coupling with zooplankton and benthic resources. By using the zooplankton mortality rates from the ESM to limit the ingestion of zooplankton, fishes never consume more than what is lost to upper trophic levels in the independent ESM (see section “Ocean and Biogeochemical Projections”).



Ocean and Biogeochemical Projections

As described above, FEISTY requires estimates of mesozooplankton biomass, mesozooplankton production, the flux of organic matter to the benthos, and depth-resolved temperature. For this analysis, we used outputs from GFDL’s ESM2M (Dunne et al., 2012, 2013) integrated with the Carbon, Ocean Biogeochemistry, and Lower Trophics (COBALT) ecosystem model (Stock et al., 2014b). This coupled climate-atmosphere-ocean model includes the CM2.1 climate model (Delworth et al., 2006), the AM2 atmospheric model (Anderson et al., 2004; Lin, 2004), and the MOM4p1 ocean model (Griffies, 2009). The horizontal resolution in the ocean submodel is 1° that decreases down to 1/3° at the equator and is tripolar in the Arctic above 65°N (Griffies et al., 2005), while the atmospheric submodel is 2° × 2.5°. There are 50 vertical layers in the ocean, with 10 m vertical resolution over the top 200 m. The minimum depth is 40 m, which treats all locations <40 m as if they are 40 m deep.

COBALT resolves cycles of carbon, nitrogen, phosphate, silicate, iron, calcium carbonate, oxygen, and lithogenic material at the global scale using 33 state variables (Stock et al., 2014b). The planktonic food web within COBALT is better-resolved than most global ESMs (Laufkötter et al., 2015; Séférian et al., 2020) and includes interactions between bacteria, small and large phytoplankton, diazotrophs, and small, medium, and large zooplankton. Trophic interactions are rooted in allometric and bioenergetic relationships and use mean predator to prey size ratios (Hansen et al., 1994). The model was parameterized to be quantitatively accordant with observed large-scale planktonic food web dynamics, including primary production, zooplankton production, and export fluxes (Stock et al., 2014b). Detritus is produced via phytoplankton aggregation and zooplankton egestion, with a larger fraction of egested material contributing to the sinking flux for larger organisms. The near surface e-folding depth for the remineralization of sinking material is consistent with Martin et al. (1987), with biogenic and lithogenic minerals inhibiting remineralization for an increasing “protected fraction” as particles sink (Armstrong et al., 2002; Klaas and Archer, 2002; Dunne et al., 2005).

A primary shortcoming of ESM2M-COBALT, and other global climate models and ESMs (Stock et al., 2011), is its coarse ocean resolution. This degrades the capacity of general circulation models to simulate coastal regions (e.g., Liu et al., 2019). We addressed this in the initial FEISTY development by using a simulation from a prototype high-resolution ESM (GFDL-ESM2.6; Stock et al., 2017), which featured 10 km ocean resolution. The computational costs of such models, however, prevents the hundreds to thousands of years required for a full climate change projection, forcing global fisheries projections to rely on the large-scale patterns revealed by global general circulation models (e.g., Lotze et al., 2019). However, we found that the FEISTY simulation characteristics were similar at coarse and high-resolution, and the model’s capacity to capture observed catch patterns across functional types lessened only slightly (Supplementary Appendix A1).

We recognize that there are differences between ESMs in the projected changes in the plankton ecosystem properties required to drive fisheries projections with FEISTY (Bopp et al., 2013; Frölicher et al., 2016). We chose to focus our uncertainty analysis on the relatively unexplored spread in projections related to uncertainty in allometric relationships defining the environmental dependence of the fisheries relationships (see section “Projection Uncertainty”), leaving exploration of uncertainty routed in different ESMs and climate scenarios to other work (Lotze et al., 2019). Projected changes in plankton productivity in ESM2M-COBALT are described in detail in Stock et al. (2014a). Projected global NPP changes of –3.6% by the latter half of the twenty-first century are consistent with declines projected in the majority of global ESMs and near the mid-point of the simulated range (Bopp et al., 2013; Laufkötter et al., 2015; Kwiatkowski et al., 2020). ESM2M-COBALT’s simulated amplification of projected changes for mesozooplankton (–7.9%) rests on first-order trophodynamic principles, and has now been shown to be a robust feature across ESMs (Kwiatkowski et al., 2019).

ESM2M-COBALT is linked to FEISTY by an “offline” coupling with no feedbacks of the fish on the plankton dynamics, but in a way that ensures fish do not have more food available than is produced. As described in Stock et al. (2014b), higher predation losses are imposed on medium and large zooplankton in COBALT. Feeding rates are determined by extrapolating the relationship of Hansen et al. (1997) and assuming that the biomass of unresolved predators scales in proportion to the biomass of prey (e.g., Steele and Henderson, 1992). This approach results in simulated mesozooplankton biomass and productivity that are consistent with observations, with just over half of mesozooplankton production (∼1 Pg C yr–1) being routed to higher trophic levels (Stock et al., 2014b). This rate of biomass loss by higher predators sets an upper bound on ingestion of zooplankton by fish in FEISTY. Specifically, FEISTY is forced by the COBALT outputs: medium and large zooplankton biomass integrated over the top 100 m (biomass m–2), the rate of biomass loss by higher predators of medium and large zooplankton integrated over the top 100 m (biomass m–2 s–1), the flux of detrital matter to the ocean floor (biomass m–2 s–1), the mean temperature in the upper 100 m, and the bottom temperature. All biomasses and fluxes from COBALT were converted from moles of nitrogen (molN) to grams wet weight (gWW) assuming Redfield (1934) stoichiometry and the wet weight to carbon ratio (9:1) of Pauly and Christensen (1995). Henceforth, all biomasses are expressed as wet weight (i.e., g signifies gWW). A daily time-step was used for FEISTY, with plankton and ocean forcing interpolated from monthly values.



Projection Uncertainty

A previous parameter perturbation analysis of FEISTY exposed multiple ways of regulating the relative abundance of different functional types and their latitudinal distribution (Petrik et al., 2019). In order to encompass the sensitivity and uncertainty of these parameter choices into projections of fish biomass, we constructed an ensemble of simulations with multiple parameter sets that maintained (1) low squared deviation from/high correlation with estimated fish catch by functional type and (2) coexistence between forage fish and large pelagic fish in high productivity areas. The second condition was imposed to prevent globally skillful ensemble members that nonetheless produced highly unrealistic results in a small number of regions. This was enforced by increasing the weight (i.e., the misfit penalty) associated with forage fish in upwelling systems.

For catch comparisons, we used a global catch reconstruction that includes estimates of industrial fisheries, small-scale fisheries, and discards from the Sea Around Us (SAU) project (Pauly and Zeller, 2015; v43). We compared SAU catches to those simulated by the model under contemporary ocean conditions at the spatial level of large marine ecosystems (LMEs). Model simulations were evaluated with the Akaike Information Criterion (AIC) and model misfits from SAU catches were calculated by functional type by LME for the 45 LMEs that have not been identified as low-catch and/or low-effort regions (c.f., Stock et al., 2017). As a baseline, we considered simulations generated with the parameter values described in Petrik et al. (2019), which we will refer to as our “baseline parameter values.” These values produced moderate matches with total, large pelagic, and demersal catches, including reproduction of observed spatial variations in fish catch spanning two orders of magnitude across LMEs (Petrik et al., 2019). A similar methodology for selecting ensemble members that combines comparison to SAU catch peaks at the LME level with other ecologically meaningful constraints has also been used by Carozza et al. (2017).

We restricted the search of parameter space to the 5 most influential parameters, defined by the total magnitude of the combined five indicator metrics (Supplementary Table A2-1) of Petrik et al. (2019). The most critical parameters were the assimilation efficiency and the coefficients controlling the ingestion and respiration allometry (α, bM, bE, aM, aE). We added the temperature scaling of metabolism (kM) to this parameter set due to its potential importance in a warming ocean. We tested all permutations of high, mid, and low values of literature ranges for each variable (Table 2), yielding 729 potential combinations. From this set, we considered 43 parameter sets (Supplementary Table A2-2) with AIC values equal to or better than our baseline parameter values (Petrik et al., 2019) and that also satisfied co-existence conditions (see Supplementary Appendix A2). We did not apply any further weighting to the ensemble members based on AIC differences (e.g., Burnham and Anderson, 2002), as the intent here was to elucidate the basic characteristics of the parameter sensitivity characteristics and the magnitude of the uncertainty generated by this under-explored aspect of model uncertainty.


TABLE 2. Parameters varied in ensemble simulations from their baseline value used in the baseline set.
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The temperature dependence of respiration rates exceeded that of the ingestion rates in the baseline parameter set, which was replicated in the above ensemble. While this is justified by several lines of evidence (Perrin, 1995; Rall et al., 2012; Carozza et al., 2017), there is also support for similar scalings (Brown et al., 2004). Thus, to further examine the role of the temperature dependence in the simulation results, we generated a separate set of parameters where all rates used the same value (see Appendix A2). The same permutations of the five most critical parameters were combined with the temperature sensitivities of physiological rates k = kM = 0.0630, 0.0793, and 0.0955 C–1 (equivalent Q10 = 1.88, 2.21, and 2.60), which are low, mid, and high values bounded by the temperature dependence of ingestion rates in the baseline set and the highest temperature dependence of respiration rate tested. Of this set of 729, 15 were skillful (Supplementary Table A2-3). This parameter set is referred to as the “equal temperature dependence ensemble” to distinguish it from the “varying temperature dependence ensemble” described above.



Simulations and Analyses

FEISTY was run from 1860 to 2100 using offline forcing of the ESM2M-COBALT Historical (1860–2005) and RCP 8.5 Projection (2006–2100) conditions. Simulations with the baseline parameter set were used to illustrate the basic characteristics of the response of fish production, fisheries yield, food web structure, and environmental conditions. Production is the biomass generated via growth and/or reproduction and was quantified as the product of biomass, B (g m–2), and the biomass-specific assimilation rate of energy available for growth and reproduction, ν (d–1; Eq. 1). We performed a global area-integration of production (g m–2 d–1) to produce total production in units of mass per time (g d–1 or g y–1). Fishing effort was represented by a fishing mortality rate F (Table 1). In reality, fishing effort varies globally and across the three functional groups. In the absence of a coherent assessment of these differences, both historically and under future scenarios, and to isolate the bottom-up effects of climate change on fish production, we used the same constant fishing mortality on all functional groups. We set F = 0.3 y–1 to roughly correspond with the fishing effort that gives the maximum sustainable yield (Andersen and Beyer, 2015). This leads to a fisheries yield (MT y–1) that is proportional to abundance and a decent estimate of the maximum fisheries production. Analyses of fisheries yield present the total area-integrated biomass harvested in LMEs. Food web structure was quantified as the relative fractions of production of the different fish functional types. Transfer efficiency between different trophic levels of the food web was calculated as in Petrik et al. (2019) by examining the ratio of production of secondary production (medium zooplankton, large zooplankton, benthos) to net primary production (NPP), of the highest trophic level (HTL; pelagics and demersals in the large size class) fish production to secondary production, and of HTL production to NPP. Our results focused on time series from 1951 to 2100. Spatial results present the mean conditions of the last 50 years of the Projection (2051–2100) compared to the 50-year period from the century prior (1951–2000), whereas time series results are changes relative to 1951 conditions. In addition to the analyses performed on the baseline set, the varying temperature dependence ensemble simulations were used to identify the parameter sets that resulted in maximum and minimum changes relative to 1951 in total fish production and for each functional type. These ensemble simulations of the 1+43+15 = 59 total parameter sets provided estimates of minimum and maximum fish production, as well as measures of uncertainty.




RESULTS


Historic Patterns

Historic simulations of ESM2M-COBALT reproduce established large-scale patterns of primary and secondary production, with high net primary production and mesozooplankton production in upwelling regions as well as temperate and subpolar areas, and high seafloor detritus in shallow shelf environments (Figures 2A–C). Global distributions of forage fish and large pelagic fish largely mimic those of primary and mesozooplankton production (Figures 2E,F), whereas demersal distributions (Figure 2G) reflect benthic production (Figure 2D). Primary production rates span <1 order of magnitude (90% range: 1.13–7.85 g m–2 d–1) whereas the rates of mesozooplankton, detritus, and benthos span 1.5–2 orders of magnitude (0.05–1.09; 7.13⋅10–3–4.35⋅10–1; 5.35⋅10–4–3.26⋅10–2 g m–2 d–1). Fish production rates vary over 4 orders of magnitude. The smaller bodied forage fish cover a 90% range of 6.71⋅10–5–1.07⋅10–1 g m–2 d–1. The bottom dwelling demersal fish span a smaller range (9.38⋅10–5–1.59⋅10–2 g m–2 d–1) owing to the lower and more stable temperatures outside of coastal areas. Production of large pelagic fish varies greatly (4.26⋅10–12–4.91⋅10–2 g m–2 d–1), with rates that exceed those of the equally large demersal fish, but also experiencing diminished production in oligotrophic regions. Reductions in absolute production occur moving up trophic levels (Figure 2) as expected from the efficiency of trophic transfers up the food chain.
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FIGURE 2. Mean historic (1951–2000) distributions of production (log10 g WW m–2 d–1) of (A) net primary producers, (B) mesozooplankton (medium + large), (C) seafloor detritus, (D) benthic invertebrates, (E) forage fish, (F) large pelagic fish, (G) demersal fish, and (H) all fishes combined with the baseline parameterization.




Trophic Amplification

Changes in production of primary producers, secondary producers, and fish consumers over the last 50 years of the twenty-first century (2051–2100) compared to the last 50 years of the twentieth century exhibit regional variations with decreases in the subtropics and the majority of low-latitude regions (Figure 3). Plankton and forage fish experience increases in production in polar areas, and scattered areas of enhanced productivity elsewhere (Figures 3A,B,E). Plankton productivity trends and forage fish trends are generally well correlated, but there are regions where forage fish production increases despite declining zooplankton production due to changes in predation on forage fish. Forage fish productivity, for example, increases across much of the northern sub-polar Atlantic and Pacific despite mixed trends in NPP and mesozooplankton productivity. The production of large pelagic fish, in contrast, is less well correlated with local plankton productivity changes and exhibits sharp declines in many regions, including across the Arctic (Figure 3F). The correspondence of several areas of sharp large pelagic declines with areas of forage increase (e.g., the sub-polar North Atlantic) is indicative of top-down control on some productivity trends. Conversely, production of seafloor detritus and demersal fish decreases nearly globally, with the exception of the Arctic and sub-Arctic, and two localized spots in southeast Pacific and southeast Atlantic near the Humboldt and Benguela upwelling systems, respectively (Figure 3D,G). Such regional “hot-spots” are often associated with shifts in physical and biogeochemical boundaries, and their locations are generally not robust across ESMs (e.g., Bopp et al., 2013; Laufkötter et al., 2015). Their presence is thus indicative of the potential for limited regional increases, but not strong evidence for increases in the exact locations where they occur.
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FIGURE 3. Percent change in production in the Projection (2051–2100) compared to the Historic (1951–2000) time period of (A) net primary producers, (B) mesozooplankton (medium + large), (C) seafloor detritus, (D) benthic invertebrates, (E) forage fish, (F) large pelagic fish, (G) demersal fish, and (H) all fishes combined.


Fractional increases and decreases in production generally become greater for larger organisms higher in the food chain, consistent with “trophic amplification,” in both the pelagic and benthic ecosystems (Figure 3). This is clearly illustrated in the increasing magnitude of global declines of each size class of organisms, with a mean decline of 13.1% (±1.1%) across all medium fishes and a decline of 19.2% (±1.5%) across all large fishes in the varying temperature dependence ensemble (Figure 4A). Both decreases are substantially greater than the primary production (3.6%) and mesozooplankton production (7.2%) declines that underlie them (Figure 4). The magnitude of these changes in fish production are smaller in the equal temperature dependence ensemble, at 9.6% (±1.2%) and 12.1% (±2.1%) for medium and large fish, respectively, but the amplification pattern is consistent (Figure 4B).
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FIGURE 4. Area-integrated changes in production in the Projection (2051–2100) compared to the Historic (1951–2000) time period illustrating trophic amplification of net primary production (NPP), mesozooplankton (MesoZ = medium + large zooplankton) production, all medium (M) fishes, and all large (L) fishes. Mean (± 1 SD) of (A) varying temperature dependence parameter ensembles and (B) equal temperature dependence parameter ensembles.




Community Reorganization

In addition to changes in the magnitude of plankton productivity available to fish, the end of the twenty-first century also exhibits a near-global increase in the ratio of zooplankton production to seafloor detritus flux (Figure 5A). Increases are especially large in upwelling and temperate/subpolar regions of the North and Equatorial Pacific, the Humboldt Current, south of Greenland, and in the Argentine Basin (Figure 5A). Despite area-integrated declines in both zooplankton production and detritus flux, this ratio increases in future projections due to the greater reductions of detritus over time compared to mesozooplankton (Figure 5B), denoting a “pelagification” of food resources. It is notable that the strong pelagification in deep ocean areas (Figure 5A) often occurs where the flux of material to the benthos is quite low. For example, regions with a change >15 have a mean depth of 4,591 m, historic mean detrital flux of 0.02 g m–2 d–1, and historic mean Zoo:Det ratio of 33.2. However, consideration of the temporally evolving ratio of the globally integrated zooplankton production to the globally integrated benthic flux (which includes outsized contributions from coastal areas) reveals the same pelagification trend (Figure 5B). This pelagification is evidenced in areas shallower than 1,000 m where the mean change in Zoo:Det is 0.13 and the projected mean Zoo:Det is 1.25.
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FIGURE 5. (A) The absolute change in the ratio of zooplankton production to seafloor detrital flux (Zoo:Det) as the difference of the Projection (2051–2100) from the Hindcast (1951–2000). (B) Time series of the percent change in the global area-integrated mean zooplankton production (dashed gray), the percent change in the global area-integrated mean flux of detritus to the seafloor (solid gray), and the absolute change in the ratio of their global area-integrated means (Zoo:Det) during the Historic and Projection time periods relative to 1951.


Though the ratio of zooplankton to detritus production explains a large proportion of the historic spatial variance in the dominance of large pelagic fish compared to demersal fish (van Denderen et al., 2018; Petrik et al., 2019), future changes in the fraction of large pelagic fish do not mirror the regional patterns of the zooplankton:detritus production ratio (Figure 6A). Rather, the fraction of all fishes that is composed of large pelagics decreases out to 2100 despite the pelagification of food resources (Figures 6A,D). Any positive impact of the pelagification of food resources on large pelagics is overwhelmed by the negative impacts of global productivity reductions and warming-driven increased respiratory demands that act to amplify productivity reductions at higher trophic levels. There is, however, a marked shift toward forage fishes (Figures 6B,D) that leads to an overall increase in the fraction of total pelagic fish production (forage + large pelagic) at 2100 (Figure 6D) and large regional increases in the fraction of total pelagic fish in the subpolar and polar oceans (Figure 6C), areas with a historically large fraction of demersal fish.
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FIGURE 6. The change in the fractions of (A) large pelagics (P), (B) all pelagics (Pel = F+P), and (C) forage fish (F) out of all fish during Projection (2051–2100) period compared to the Historic (1951–2000) period. (D) Time series of the area-integrated mean fractions of large pelagics (P: blue), all pelagics (Pel = F+P: black), and forage fish (F: red) out of all fishes during the Historic and Projection time periods relative to 1951.




Ensemble Results

The predominant projected changes in the functional types were robust to parameter uncertainty (Figure 7). When globally averaged, forage fish production decreased the least with the least variation (Table 3 and Figure 7A). Demersal fish had intermediate levels of production decline and uncertainty, while large pelagic fish had the greatest mean change and variance (Table 3 and Figure 7A). Simulated fisheries yield, calculated as a fraction of stock of biomass rather than production, exhibited slightly different patterns (Figure 7B). The yield of forage fish experienced the smallest changes with a moderate degree of uncertainty (Table 3 and Figure 7B). On average, demersal fish suffered greater losses than the forage fish, though the uncertainty bounds of the ensemble simulations (±1 SD) overlapped (Table 3 and Figure 7B). Similar to percent changes in production, yield of large pelagic fish fell by the greatest extent with the largest degree of uncertainty out of all functional types (Table 3 and Figure 7B). Despite the high uncertainty in projected changes in large pelagic production and fishing yield, declines exceeded those of the other functional types after 2070 at the latest (Figure 7). The degree of uncertainty in both production and fishing yield of each functional type increased over time in ensemble simulations (Figure 7). Changes to production and yield in projections under equal temperature dependence were qualitatively similar (Supplementary Table A2-4 and Supplementary Figure A2-1).
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FIGURE 7. Time series of varying temperature dependence ensemble mean (±1 SD) (A) percent change in production relative to 1951 and (B) total change in fishing yield (MT km–2 y–1) relative to 1951 of forage fish (red), large pelagic fish (blue), and demersal fish (green) during the Historic (1951–2000) and Projection (2051–2100) time periods. Monthly values in (A) were smoothed with a 12-month moving mean. Yield in (B) reflects harvest of adults only.



TABLE 3. The difference and percent change in production (g y–1) and fisheries yield (MT y–1) of the 2051–2100 mean from the 1951–2000 mean of each functional type and all fishes combined across the 44 member varying temperature dependence parameter ensemble.
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Of the parameter sets that produced viable solutions, those producing the largest declines for the total fish productivity and the productivity of each functional type all featured the highest temperature dependence of metabolic costs (Table 4 and Supplementary Table A2-5). Similarly, the most resilient projections for all fish, large pelagic fish, and demersal fish all featured the lowest temperature dependence of metabolic costs (Table 4 and Supplementary Table A2-5). Other aspects of the response differed by functional type and highlight competitive and/or predatory interactions. For example, the least perturbed forage fish projection valued steep allometric penalties on the encounter rate and a large temperature dependence for the metabolic rate. Both of these characteristics are associated with the steepest declines in large pelagic fish, suggesting decreased top-down control is an essential element for the resilience of forage fish in these simulations. In contrast, the least impaired large pelagic and demersal fish projections value weak allometric penalties on the encounter rate. Surprisingly, resilient large pelagic and demersal projections also feature low assimilation efficiency and, in the case of demersals, low overall encounter rates. These seemingly counter-intuitive results emphasize the importance of interactions with forage fish: parameter combinations that hinder forage fish more than demersals and large pelagics lead to less vulnerable projections for these larger functional types. Resilient projections for large pelagic and demersal also both favored small allometric penalties and the most unchanged patterns for forage fish favored large ones in the equal temperature dependence ensemble (Supplementary Table A2-5).


TABLE 4. Parameter sets in the varying temperature dependence ensemble that resulted in maximum and minimum percent changes in production relative to 1951 of each functional type and all fishes combined.
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DISCUSSION

Our work contributes to a growing set of projected changes in global fish production and biomass distribution under climate change. Our results move beyond species-based and size-based models by examining climate change effects on the food web structure of global marine ecosystems, the fish functional types composing them, and the sensitivity of responses to uncertainties in critical allometric and temperature scalings broadly applied in fish and fisheries modeling. Additionally, many other fish models use net primary production (NPP) from ocean biogeochemistry models and earth system models (ESMs) as the input at the base of the food chain. Unfortunately, NPP estimates are highly variable across ESMs (Bopp et al., 2013), thereby introducing uncertainty in the fish projections based on which ESM was used as forcing. A significant fraction of this uncertainty, however, is linked to differences in the response of recycled production within plankton food webs (e.g., Taucher and Oschlies, 2011). These fluxes are not available to fish. Following Dugdale and Goering (1967), the NPP available to higher trophic levels is more accurately assessed by NPP supported by the supply of “new” nutrients to the euphotic zone. Over time, this supply of new nutrients must be balanced by export from the euphotic zone. There is greater agreement on export production trends across ESMs (Bopp et al., 2013; Fu et al., 2016), reducing uncertainty relative to projections based on NPP alone. In the present study, this reduction in uncertainty was achieved through explicit representation of the plankton food web processes that determine recycled and new production and subsequent pathways of energy flow between phytoplankton and fish (Ryther, 1969; Friedland et al., 2012; Stock et al., 2017). While far from perfect, the underlying plankton food web dynamics simulation used in this study accurately captures observed variations in mesozooplankton biomass and productivity and export fluxes across ocean biomes (Stock and Dunne, 2010; Stock et al., 2014b). Thus, by using zooplankton and seafloor detritus as resources rather than deriving secondary production from NPP, FEISTY may be considered a more robust indicator of future changes in the dynamics between pelagic and demersal components of food webs.


Trophic Amplification

When grouped by trophic level, the amplification of projected productivity declines from primary producers to fishes is apparent in the results of FEISTY, despite differences in feeding preferences and habitats of the three functional types. Projections of primary and secondary production across ESMs have previously been examined in the literature. The ESM2M-COBALT decline in NPP of 3.6% is moderate with respect to other CMIP5 ESMs (Bopp et al., 2013), while the approximate doubling of production changes from net primary producers to mesozooplankton from 3.6 to 7.9% using ESM2M-COBALT (Stock et al., 2014a) is similar to the doubling of biomass changes that occur in the IPSL ESM (Chust et al., 2014) and ensembles of 12 CMIP5 ESMs (Kwiatkowski et al., 2019). That is, there is “negative amplification” as defined by Kwiatkowski et al. (2019).

Earth system model intercomparison of the flux of detritus to the seafloor has not been assessed, though export production out of the euphotic zone has. Studies have found differing ranges of decrease that span 1–18% based on the ESMs used in the comparison (Bopp et al., 2013; Fu et al., 2016; Laufkötter et al., 2016). The 12.3% drop in seafloor detritus flux in ESM2M-COBALT simulations comparing 2051–2100 to 1951–2000 is in the center of 7–18% range in export flux of Fu et al. (2016) who compared 2091–2100 to 1991–2000. Variations across ESMs are due to the number of size classes of phytoplankton and differences in aggregation and sinking formulations (Fu et al., 2016; Laufkötter et al., 2016). Larger projected declines in export from the euphotic zone relative to projected primary productivity declines within it is consistent with a shift toward smaller plankton sizes as stratification increases. This shift leads to more effective recycling and, as deep winter mixing is reduced, more efficient coupling between phytoplankton and grazers (Behrenfeld and Boss, 2014; Stock et al., 2014a). Reductions in export at the base of the euphotic zone can be further amplified by increased remineralization in warming waters at depth (Marsay et al., 2015; Laufkötter et al., 2017) or decreased ballast minerals due to acidification (e.g., Gehlen et al., 2007; Gangstø et al., 2008).

Though processes governing benthic biomass in FEISTY are less detailed than those that dictate fish biomass, projected changes in biomass are consistent with past results. Jones et al. (2014) used the empirical relationship of Wei et al. (2010) between benthic biomass and carbon export to estimate changes in benthic biomass from carbon flux to 500 m above seafloor derived from 8 CMIP5 ESMs. They found a global decrease of 5.2%, which was an attenuation of the 11.4% average drop in seafloor carbon flux. Conversely, Yool et al. (2017) achieved an amplified decline of 17.6% using a size-based model of benthic invertebrates forced by the coupled ocean-biogeochemistry model NEMO-MEDUSA under RCP 8.5, which displayed 3.9% decreases in seafloor carbon flux. The FEISTY decrease estimates of 9.0 ± 4.6% fell within the low end of these values and exhibited analogous patterns of spatial change to both models (Supplementary Figure S1A). Similar to the results of Jones et al. (2014), simulated benthic biomass did not amplify the changes in seafloor detrital flux. The effect of the decline in detrital flux on benthic biomass was counteracted by increases in the benthic biomass as a result of release from top-down predation mortality by the large demersal fish. Combined with the results of Jones et al. (2014), the FEISTY simulations suggest that considerations of size and respiration, as in Yool et al. (2017), are necessary to produce trophic amplification in benthic organisms.

Unsurprisingly, increases in metabolic demands with size and temperature are drivers of modeled trophic amplifications up through fishes. Firstly, increases in temperature lead to greater basal metabolic demands, which are more difficult to meet given decreases in net primary production. This mechanism contributes the greatest amount to trophic amplification from phytoplankton to zooplankton in ESM2M-COBALT (Stock et al., 2014a). Secondly, marine predator-prey relationships tend to be size-structured, whereby decreases in plankton size lead to longer food chains with more transfers between trophic levels (c.f., Ryther, 1969). For instance, in a food chain consisting of diatoms, copepods, and forage fish, the forage fish at trophic level (TL) 3 would receive a fraction of NPP equal to TE2, where TE (transfer efficiency) is the fraction of production that is transferred between trophic levels and the exponent is determined by the number of transfers (TL-1). If the primary production shifted to smaller phytoplankton (but did not change in amount) such that the phytoplankton had to be consumed by microzooplankton before it could be eaten by copepods, the forage fish would move to TL4 and would only receive NPP⋅TE3. Though trophic levels are semi-fixed in FEISTY, change in trophic level is another mechanism responsible for trophic amplification in ESM2M-COBALT, though of lesser importance than metabolism (Stock et al., 2014a). Finally, decreases in transfer efficiency with climate change have been revealed in mesocosm studies (Ullah et al., 2018) and both empirical (Moore et al., 2018) and mechanistic (du Pontavice et al., 2020) models forced by ESMs. Thusly, fish would likely receive a reduced fraction of NPP with increasing temperature without any underlying changes to NPP or TL. Similar reductions in TE are demonstrated with climate change projections of FEISTY (Supplementary Figure A2-3). With varying temperature dependence, decreases in transfers between consumers (TL2 to TL4) are greater than the decline from primary to secondary producers (TL1 to TL2; Supplementary Figure A2-3). Since fish production is controlled by the balance of metabolic needs with assimilated energy from ingestion, which are functions of size, temperature, and prey abundance, it was the greater temperature-dependence of the metabolic rate compared to feeding rates that caused the strong decrease in high trophic level TE. The decline in high trophic level TE was similar to that of low trophic levels under equal temperature-dependence (Supplementary Figure A2-3), suggesting that there are other mechanisms involved in TE declines.

Trophic amplification of fish production in FEISTY was consistent with multi-model ensembles of 5 global fisheries and marine ecosystem models forced by 2 ESMs (GFDL-ESM2M and IPSL-CM5A-LR) that spanned –5 to –28% under RCP 8.5 when all groups of consumers at trophic levels higher than zooplankton were combined (Lotze et al., 2019). The spatial distribution of percent biomass change of all fishes (Supplementary Figure S1F) agreed well with the multi-model mean of Lotze et al. (2019), displaying increases in polar regions and declines in subtropical and temperate areas. The only area of disagreement was in the central North Atlantic, a region of higher inter-model variability and lower model agreement (Lotze et al., 2019), where FEISTY projected increases in fish biomass while the multi-model mean projected decreases.



Community Reorganization

Projections of lower trophic levels and fishes show a “pelagification” of marine food webs. The ratio of zooplankton production to the seafloor detritus flux increased in nearly all marine ecosystems. When averaged globally, both types of secondary production decreased in the future, but seafloor detritus experienced greater reductions. At a regional level, increases in this ratio were the result of either (I) an increase in zooplankton production and decrease in seafloor detritus flux, (II) an increase in zooplankton production greater than the increase in seafloor detritus flux, or (III) a decrease in zooplankton production less than the decrease in seafloor detritus flux. Type I was responsible for the increased ratio in the central Arctic, Northwest Pacific, upwelling areas, the eastern Caribbean, and the Southern Ocean. Unequal increases were the least common and accounted for the increased ratio in the coastal Arctic and two localized spots southwest of the Humboldt and Benguela upwelling regions. On the other hand, the strong increases in the zooplankton to detritus production ratio south of Greenland and in the Argentine Basin were on account of unequal decreases in production, which was the most prevalent cause of an increase in the ratio.

Despite a large proportion of the spatial variance in historic observed and simulated catches of large pelagic fish compared to demersal fish being explained by the ratio of zooplankton to detritus production (van Denderen et al., 2018; Petrik et al., 2019), it was the fraction of forage fish (Figures 6C,D), rather than the fraction of large pelagic fish, that best mimicked the projected regional patterns of alteration in the zooplankton:detritus production ratio (Figure 5). The degree of change in the fraction of forage fish did not necessarily match that of the zooplankton:detritus ratio, but the directions of change did. In general, the projected variations in demersal fish biomass reflected the modifications in the seafloor detrital flux, whereas the relative fraction of demersal fish was approximately the inverse of the relative fraction of forage fishes. This could be of particular concern in coastal regions of temperate and subpolar oceans that have historically hosted large populations of demersal fishes that support valuable fisheries. Recent observations of these demersal fisheries have detected poleward shifts (Fossheim et al., 2015), which also arose in model results via increases in biomass in polar regions and declines in temperate and subpolar areas (Supplementary Figure S1E). Demersal fish biomass increased in most coastal regions of the Arctic, but decreased in the central Arctic. The areas with reduced demersal biomass experienced a concomitant increase in all pelagic fishes, mostly forage fish, with the exception of the Faroe Plateau where all fishes suffered losses. Though not directly comparable, simulations of the size-based model of Blanchard et al. (2012) at 2050 under the SREASA1B scenario displayed decreases in benthic biomass in nearly all 28 non-arctic Large Marine Ecosystems studied and increases in pelagic biomass in several northern ecosystems. The Blanchard et al. (2012) model does not include the interactions between pelagic and demersal fish, so the similarity of the results to FEISTY indicates that the major pattern of pelagification is driven by the changes in primary and secondary production.

While copious research suggest that large-scale patterns in fish biomass and catch reflect patterns in ocean productivity (i.e., bottom-up drivers; Ryther, 1969; Friedland et al., 2012; Stock et al., 2017), “trophic cascades” associated with strong fishing pressure have also been observed (e.g., Pauly et al., 1998). In some cases, evidence suggests that these cascades have extended to plankton communities (e.g., Frank et al., 2005). While our simulations did not consider sharp increases in fishing pressure implicated in such cascades, pronounced shifts in forage fish dominance could produce similar effects on plankton communities. Resolving such feedbacks, however, would require a “two-way” coupling between fish and plankton models (e.g., Maury, 2010; Kearney et al., 2012) that was beyond the scope of this work. This should be addressed in future efforts, though we note that doing so will make parameter uncertainty investigations far more difficult. A further complication is to represent climate change-driven shifts in geographical range (Pinsky et al., 2013). It is not clear, though, whether geographical range expansions (or contractions) on the level of functional group requires a specific description of migration (see section “Assumptions and Limitations”) or whether just representing demographical change, as in the current model, is sufficient. In this respect a particular focus should be the large pelagic fish whose migrations span oceanic basins and have a considerable predation impact during feeding migrations (Watson et al., 2015; Mariani et al., 2017). Increased understanding of fisheries responses to climate change will thus ultimately need combinations of sensitivity studies in the one-way coupled context (such as those presented herein) and targeted two-way coupled experiments to explore trophic cascades and assess the higher predation closures used by biogeochemical models.



Ensemble Results

The ensemble of diverse parameter sets was used to quantify uncertainty and understand the sensitivity of the physiological dimensions underlying the model structure. Parameter sets varied in terms of assimilation efficiency, weight-dependence of prey encounter rates, and temperature and weight dependence of metabolic rates. These are comparable to the parameters governing trophic scaling, growth rates, and mortality rates of Carozza et al. (2017), who also identified their importance in generating parameter ensembles that simulated fish biomasses and catches in accordance with ecological constraints and observed catches. Though it was too computationally expensive to search the full parameter space, over 700 parameter sets were explored, resulting in the 59 sets used in this analysis. As expected, parameter sets with the highest temperature sensitivity of metabolism resulted in the greatest percent reductions in production of all fish functional types and all fishes combined. However, this pattern was not seen in the equal temperature dependence ensemble. Resilient projections of large pelagic and demersal production favored small allometric penalties (e.g., metabolism that declines more rapidly with size than prey encounter, bM < bE) while those for forage fish production favored large penalties on size in both ensembles. The differential responses of the functional types emphasize the importance of their competitive and predatory interactions in addition to their life history traits. To some extent, the emergent combinations of parameters represent the physiological constraints on simulating contemporary fish catches and producing coexistence between forage fish and large pelagic fish in high productivity regions. It is likely that a very limited area of parameter space meets these conditions and that this hinders identification of clear relationships between parameter combinations and the magnitude of projected changes.

Regardless, parameter sets produced variability between end members and ensemble projections yielded robust results of the response of fish productivity under climate change. The forage fish experienced lesser declines in production compared to the other, larger functional types. Large pelagic fish suffered the greatest reductions in both production and fisheries yield, and with the highest degree of uncertainty. Even when factoring in parameter uncertainty, these changes were substantially larger than those of forage and demersal fish when the temperature dependence of metabolism exceeded that of ingestion rates. With rates of equal temperature dependence, all results were qualitatively similar, with the exception of the mean percent change in large pelagic fish production being comparable to that of demersal fish. The difference between simulations with varying vs. equal temperature dependence is effectively demonstrated by a simpler analysis of the fish community with a 0-dimensional model of FEISTY. With equal temperature dependence of respiration, encounter, and maximum consumption rates, warming above the reference temperature of 10°C leads to a drop in large pelagic biomass, even with high prey resources (Supplementary Figures A2-4A,B). This illustrates that the baseline parameters related to the size dependence of rates disadvantage the large fish, as was necessary to achieve coexistence between large pelagic fish and forage fish (Petrik et al., 2019). When metabolic rates are more sensitive to temperature, large fish are doubly hit by their maximum size and warming, resulting in larger biomass declines and a greater minimum level of prey production needed to support large pelagic fish (Supplementary Figures A2-4C,D). A similar shrinking under warming was seen in simulations of fish communities when metabolism was more sensitive to temperature than assimilated ingestion (Guiet et al., 2016).

Our lack of knowledge on the temperature dependence of these physiological rates does not compromise the qualitative predictions. Though our simulations are able to robustly predict the directionality of change in production, they are poor at estimating the magnitude, which is driven by some largely unknown set of temperature-scaling parameters. The strong temperature dependence of metabolic rates is well-known (e.g., von Bertalanffy, 1960). In contrast, the temperature dependence of encounter and consumption rates are less certain, though both theoretical (Rall et al., 2012) and empirical (Perrin, 1995) studies suggest that they are lower than basal metabolism. Unequal temperature sensitivity of metabolism and other rates is adopted by some global fish models (e.g., Cheung et al., 2010; Jennings and Collingridge, 2015; Guiet et al., 2016; Carozza et al., 2017), but not all, thereby making it one of many factors contributing to inter-model variability. The ensemble results of FEISTY reveal the importance of better constraining estimates of the temperature sensitivity of physiological rates, especially for projecting the impacts of climate change on large pelagic fishes. Furthermore, interactions between temperature and oxygen (e.g., Deutsch et al., 2015; Pauly and Cheung, 2018) and ontogenetic variations in thermal tolerance (e.g., Dahlke et al., 2020) advocate the need for thorough examinations of marine ecosystems under a warming climate.



Impacts on Fisheries

To predict the bottom-up effects of climate change on ecosystem productivity, we used a simple representation of fishing (constant in space and time) that captured the main basin-scale patterns under contemporary conditions. Thus, results of simulated fisheries yield reflect the isolated bottom-up effects of environmental change on fish communities rather than the effects of changes in human behavior such as a redistribution of effort in amount, space, time, or toward different functional types. In this case, total fisheries yield declined by 11.8% (±0.3%; Table 3) with decreases of 7.4% (±2.0%) at TL3 and 13.9% (±0.7%) at TL4. These estimates were greater than the 5.7% and 6.8% losses in fisheries yield of TL3 and TL4, respectively, estimated by Moore et al. (2018) who used an empirical model of fish catch as a function of zooplankton biomass from an ESM. Our changes in total fisheries yield are more in line with the “no conservation” fishing scenario of Carozza et al. (2019) who found a 15% (12, 20%) change at 2081–2100 under RCP 8.5 from 1851 to 1900 conditions in the IPSL ESM. The decrease in the yield of large pelagic fish (19.7 ± 1.2%; Table 3) at 2100 with FEISTY was closer to their change of 32% with fishing rates “optimized for human food” (Carozza et al., 2019), and similar to the >20% decline of Moore et al. (2018) that did not occur until 2300. While other marine ecosystem models have employed reconstructions of historical fishing effort, more work is needed on developing scenarios of plausible projections of fishing effort like those of Carozza et al. (2019). As such, the FEISTY levels of uncertainty in fisheries yields should be considered underestimates, as future changes in fishing effort and technology will further increase uncertainty. The FEISTY results highlight the importance of considering the non-uniform effect of climate change on the three different functional types of fish. The projected pelagification of ecosystems will promote some parts of the fisheries sector and weaken others, which could require large structural changes. Though fishers can switch gears and participate in multiple fisheries (e.g., Fuller et al., 2017), and boats can move (e.g., Watson et al., 2018), previously unfished regions will require management plans, while old ones will need to be renegotiated (Pinsky et al., 2018). In addition to affecting fishing communities, the shifts toward pelagic food webs could impact the ecology of populations not represented in the model, such as marine mammals and sea birds.



Assumptions and Limitations

We note that the structure of FEISTY and how it was implemented for this study makes certain assumptions and presents limitations. These include, but are not limited to, simplistic fishing (addressed above), the representation of only three fish functional types, no movement, and environmental forcing. There are numerous factors that may influence the productivity of fish, especially under a changing climate. This analysis focused on the effects of temperature and secondary production, while climate-induced changes to oxygen (e.g., Deutsch et al., 2015), pH (Branch et al., 2013), and nutrient content of prey [such as lipid density (e.g., Heintz et al., 2013; Peterson et al., 2013) or iron content (Galbraith et al., 2019)] should be considered in future studies.

The current COBALT configuration does not include vertical migrations of zooplankton, which results in most of the zooplankton biomass, and thus energy available to fish, being located in the upper 100 m of the water column. As such, we expect that the FEISTY predictions of forage fish biomass incorporates both epi- and mesopelagic fish. How the biomass is distributed between the two groups will depend on the vertical migration behavior of these fish types, their prey, and their predators (Pinti and Visser, 2019). This work is currently under investigation.

Our model makes the case that large pelagics are fundamentally disadvantaged in warm water. This is a result of the high temperature scaling of standard metabolism. However, large pelagics are most commonly observed in warmer tropical regions, which appears at odds with the model. We discussed this issue at length in Petrik et al. (2019). First, large pelagics experience competition from demersal fish, thriving in regions where the demersals do not have support from benthic production (van Denderen et al., 2018), most notably in the low export, oligotrophic tropics. Second, the relationship between growth and temperature is lower for large pelagic fish than for small pelagic fishes (van Denderen et al., 2020), which could arise from metabolic rates that increase with temperature at a rate greater than the feeding rates and supports our parameterization. Third, basin-wide migrations of large pelagics across oligotrophic regions are often in search of favorable larval environments (e.g., Bakun, 2013; Reglero et al., 2014) during which adults feed advantageously at mesoscale features (e.g., Polovina et al., 2001; Nieblas et al., 2014) that are not represented in our global model with a 1° resolution. Horizontal movement has the potential to rectify some of the discrepancy between simulated and observed catches of large pelagic fish, particularly in the western tropics (Watson et al., 2015; Petrik et al., 2019). Our simulations that exclude movement capture the first-order spatio-temporal patterns of energy flow in marine food webs. Future work that incorporates swimming behavior will add value to these initial results, particularly on the stabilizing potential of movement (Murdoch, 1977; Briggs and Hoopes, 2004) that may reduce some of the negative climate change impacts on large pelagic fish. We recognize the many advantages of the FEISTY framework, while its limitations promote the value obtained by using a diversity of model approaches, each with their own strengths and weaknesses, rather than promising one correct single model (Tittensor et al., 2018).




CONCLUSION

Projections under the business-as-usual carbon emissions scenario (RCP 8.5) of fish functional types with FEISTY resulted in trophic amplification of the decreases in primary and secondary production seen in GFDL-ESM2M-COBALT. The biomass and production of all fish decreased globally, though with differences between functional types. Large pelagic fish suffered the greatest declines but also with the highest degree of projection uncertainty. The reduction in large pelagic fish occurred despite a pelagification of the food webs. Pelagification was a result of unequal decreases in secondary production, leading to increases in the ratio of pelagic zooplankton production to seafloor detritus production, which shifted benthic-based ecosystems historically dominated by demersal fish toward pelagic-based ones dominated by forage fish.
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Difference Percent change Difference Percent change

Mean SD Mean SD Mean SD Mean SD
F —1.12E+12 1T12E+11 —-10.2 0.8 -3.07 0.98 -7.3 2.0
P —6.47E+11 2.31E+11 —20.8 1.6 —8.02 212 —-19.7 1.2
D —1.63E+11 2.66E+10 —15.8 1.3 —3.65 0.24 -8.5 0.4
All —1.92E+12 3.16E+11 —12.8 1.0 —14.73 1.71 -11.8 0.3
B —2.52E+11 e —-12.3 - — o — —
F, forage; R, large pelagic; D, demersal; All: F+P+D, B: benthos. Yield reflects harvest of adults only.
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Parameter Description Baseline value Units Low Mid High
ar Encounter intercept 0.19182 m2 gPE=1 g-1 0.1370 0.2055 0.2740
ay Metabolism intercept 0.0110 goM=1 g1 0.0082 0.0110 0.0137°
o Assimilation efficiency 0.700° = 0.600¢ 0.675 0.750
be Encounter slope -0.20 = -0.15 -0.20¢ ~0.26
b Metabolism slope -0.1752 - -0.15 -0.175 -0.20
ks Metabolism Temperature Sensitivity 0.0855° ot 0.0755 0.0855 0.0955

Values shown represent the low, middle, and high end of literature values. @Modifed from Hartvig et al. (2011), ®Hartvig and Andersen (2013), ©Watson et al. (2015),

dHan‘vig et al. (2011), ®Modified from Stock et al. (2014b).
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Symbol Description Value Units
Parameters

B Transfer efficiency from detritus to benthic invertebrates 0.075 -

dt Time step 1 d

€ Reproductive efficiency 0.01 =

F Fishing mortality rate 8.22E-04 g

K Temperature sensitivity of most rates 0.063 ec—1
Wnat Natural mortality rate constant 2.74E-04 a1

To Metabolic rates reference temperature 10 °C
WL Weight of large size class individual 250-125,000 (mean 5,600) g

Wiy Weight of medium size class individual 0.5-250 (mean 11.2) g

Ws Weight of small size class individual 0.001-0.5 (mean 0.02) g
Simulated

B Biomass of fish or benthic invertebrates = gm=2

I Mass-specific consumption rate — gg'd!
M Mass-specific basal metabolic rate = gg'd™’
v Rate of assimilation of total energy available for growth and reproduction = gg~1d=1

Means are geometric means. Parameter values are those in the baseline set. Simulated quantities are those derived from the model-governing equations, given a specified
set of parameters and forcing. Note that these simulated variables are in addition to the core model state variables summarized in Figure 1.
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