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Abstract

Robust projections of future trends in global fish biomass, production and catches under different fishing scenarios are needed

to inform fisheries policy in a changing climate. Trust in future projections, however, relies on establishing that the models used

can accurately simulate past relationships between exploitation rates, catches and ecosystem states. Here we use fisheries catch

and catch-only assessment models in combination with effort data to estimate regional fishing exploitation levels (defined as

the fishing mortality relative to fishing mortality at maximum sustainable yield, F/FMSY). These estimates are given for large

pelagic, forage and demersal fish types across all large marine ecosystems and the high seas between 1961 and 2004; and with

a ‘ramp-up’ between 1841-1960. We find that global exploitation rates for both large pelagic and demersal fish are consistently

higher than for forage fish and reached their peaks in the late 1980s. We use the exploitation rates to globally simulate historical

fishing patterns in a mechanistic fish community model. We find a good match between model and reconstructed fisheries catch,

both for total catch as well as catch distribution by functional type. Simulations show a clear deviation from an unfished model

state, with a 25% reduction in fish biomass in large pelagic and demersal fish in shelf regions in the most recent years and a

50% increase in forage fish, primarily due to the release of predation pressure. These results can set a baseline from which the

effect of climate change relative to fishing could be estimated.
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Abstract 25 

Robust projections of future trends in global fish biomass, production and catches under different 26 

fishing scenarios are needed to inform fisheries policy in a changing climate. Trust in future 27 

projections, however, relies on establishing that the models used can accurately simulate past 28 

relationships between exploitation rates, catches and ecosystem states. Here we use fisheries 29 

catch and catch-only assessment models in combination with effort data to estimate regional 30 

fishing exploitation levels (defined as the fishing mortality relative to fishing mortality at 31 

maximum sustainable yield, F/FMSY). These estimates are given for large pelagic, forage and 32 

demersal fish types across all large marine ecosystems and the high seas between 1961 and 2004; 33 

and with a ‘ramp-up’ between 1841-1960. We find that global exploitation rates for both large 34 

pelagic and demersal fish are consistently higher than for forage fish and reached their peaks in 35 

the late 1980s. We use the exploitation rates to globally simulate historical fishing patterns in a 36 

mechanistic fish community model. We find a good match between model and reconstructed 37 

fisheries catch, both for total catch as well as catch distribution by functional type. Simulations 38 

show a clear deviation from an unfished model state, with a 25% reduction in fish biomass in 39 

large pelagic and demersal fish in shelf regions in the most recent years and a 50% increase in 40 

forage fish, primarily due to the release of predation pressure. These results can set a baseline 41 

from which the effect of climate change relative to fishing could be estimated. 42 

 43 

Plain Language Summary 44 

Fishing can heavily impact the number and types of fish in a region. Yet, simulating the 45 

historical impacts of fishing on fish communities is challenging, especially on a global scale. 46 

This is because for many places, we do not know how many fish are in the sea and what fraction 47 

of these fish die from fishing each year. In this study, we estimated the historical rate by which 48 

fisheries have caught fish globally. We used these data in a mathematical model to simulate the 49 

number of fish in the sea; both with and without fishing. The model shows that fishing has 50 

reduced the biomass of big predators (large pelagic and demersal fish) with 25% in shelf regions. 51 

This decline led to less predation on forage fish and a 50% increase in forage fish biomass, 52 

despite forage fish fisheries. These simulations provide a starting point for estimating the relative 53 

effects of climate change and fishing on future fish communities.  54 



manuscript submitted to Earth’s Future 

 

1 Introduction 55 

Marine capture fisheries contribute to global food security with landings of 90 million 56 

metric tonnes annually in the last decades (FAO, 2022; Watson, 2017). Fisheries operations 57 

support employment and trade but have also caused global concerns about the impacts of fishing 58 

on individual populations of harvested species, fish communities and the structure and function 59 

of the ecosystem (Jennings & Kaiser, 1998; Myers & Worm, 2003). Historical simulations of 60 

fish biomass and fisheries production are important to describe how and why the oceans have 61 

changed due to fisheries. In addition, these simulations can provide a baseline of fish biomass 62 

under current exploitation rates to support assessments of climate change impacts on fisheries 63 

and marine ecosystems (Blanchard et al., this issue). 64 

Marine ecosystem models of upper trophic level organisms, hereafter termed MEMs, 65 

have been used to simulate historical fish community biomass (Bianchi et al., 2023; Blanchard et 66 

al., 2012; Christensen et al., 2015; Galbraith et al., 2017; Petrik et al., 2019). MEMs typically 67 

require instantaneous fishing mortality rates to simulate fish catches and changes in fish biomass 68 

with fishing. MEMs have faced challenges in parameterizing the effects of fishing due to 69 

uncertainty in fishing exploitation levels for fish populations, functional types and communities 70 

in most national waters and the high seas. As a result, some MEMs have used a fishing mortality 71 

rate that approximates model estimated maximum sustainable yield (MSY) and compared these 72 

to observational estimates of peak catches in historically fished ecosystems (Blanchard et al., 73 

2012; Petrik et al., 2019). Other MEMs, simulating historical fishing catches over time, have 74 

adopted approaches that translate fishing effort, often measured by engine power and days at sea, 75 

to fishing mortality and catch and use bootstrapping to find a set of model parameters that 76 

produce the best agreements with observed fish catches (Christensen et al., 2015; Galbraith et al., 77 

2017). In such approaches, estimating model parameters that relate to fishing processes can be 78 

challenging and computationally expensive for complex MEMs, that may require multiple 79 

fishing mortality estimates per year and spatial domain. Furthermore, many regional-scale 80 

MEMs take fishing mortality rates as direct input rather than fishing effort (SI in Blanchard et al. 81 

this issue). However, existing fishing mortality estimates are often based on single-species stock 82 

assessments for particular regions, e.g. Jacobsen et al. (2017), and not available across regions 83 

and functional types. Thus standardized data on fishing mortality rates for different regions of 84 

the world, required for systematic model intercomparison projects (such as the Fisheries and 85 

Marine Ecosystem Model Intercomparison Project, FishMIP) of fishing impacts, are currently 86 

lacking.  87 

Catch-only stock assessment models combine time series of catch with population 88 

dynamic models to estimate stock status in cases where data is limited and estimates of stock 89 

abundance are unavailable (Froese et al., 2017; Thorson et al., 2012). Despite that catch-only 90 

models can lead to biased estimates of stock status and poor management advice (Bouch et al., 91 

2021; Free et al., 2020; Ovando et al., 2021), they are an effective means of assessing stock 92 

status for the majority of global fisheries that lack sufficient data for formal stock assessments. 93 

Catch-only models may thus, in the context of global and regional model intercomparison 94 

projects, offer a transparent way to externally estimate the rate at which fish biomass is caught, 95 

i.e. the fishing mortality rate, for a large range of ecosystems and fish types. Fishing mortality 96 

rate estimates could usefully serve as standardized inputs to MEMs to simulate fish catches and 97 

historical changes in biomass, where observational estimates of fisheries catches and biomass 98 

may be used for model validation (Blanchard et al., this issue).  99 
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 In this study, we used catch-only stock assessment models to estimate a time series of 100 

fishing mortality (F) relative to the fishing mortality that supports maximum sustainable yield 101 

(FMSY) per Large Marine Ecosystem (LME) for three fish functional types: forage fish, large 102 

pelagic fish, and demersal fish. We focused on obtaining an F/FMSY time series, rather than an F 103 

time series, as the F/FMSY time series provides a forcing usable in most MEMs, where FMSY 104 

depends on each MEM’s specifications and assumptions. For all LMEs with intermediate and 105 

high catches, the F/FMSY time series was estimated from time series of fisheries landings 106 

(Watson, 2017). For low catch LMEs and the high seas, the time series was estimated by 107 

combining global effort data with the F/FMSY estimates from the intermediate and high catch 108 

LMEs. We allocated the estimated F/FMSY per functional type, ecosystem, and year across a 0.5-109 

degree spatial grid in proportion to total gridded effort in each ecosystem (Rousseau et al., 2022, 110 

2024). We used the gridded estimates to simulate historical fishing intensity between 1961 and 111 

2004 with the Fisheries Size and Functional Type model, FEISTY (Petrik et al. 2019). We 112 

compared the model simulations of FEISTY with observational estimates of fisheries landings in 113 

the same period. We then evaluated the simulated global changes in fish biomass as compared to 114 

an unfished ocean. 115 

2 Methods and Data 116 

2.1 Method summary 117 

 We utilized data from three distinct data sources to construct a time series of F/FMSY per 118 

LME (including the high seas as one region), spatially allocated across a 0.5-degree spatial grid, 119 

for demersal, large pelagic, and forage fish. These data sources encompassed: 1) a global catch 120 

reconstruction aggregated by functional type and LME (including the high seas as one region) 121 

from 1961 to 2004, 2) nominal fishing effort data by functional type and LME (including the 122 

high seas as one region) between 1841 and 2004, and 3) total nominal fishing effort data gridded 123 

at a 0.5-degree spatial resolution from 1961 to 2004. These data products were prepared by 124 

FishMIP as part of the Intersectoral Model Intercomparison Project (ISIMIP) and are available at 125 

isimip.data.org, see Blanchard et al. this issue and Frieler et al. (2023) for further details. 126 

 We estimated an F/FMSY timeseries using a data limited catch assessment model (see 127 

section 2.3) for all LME × functional type combinations with intermediate and high catches (see 128 

definitions below). For all remaining combinations and the high seas, we converted the nominal 129 

effort time series per functional type to an F/FMSY timeseries using conversion factors from the 130 

intermediate and high catch LMEs (see section 2.4). The F/FMSY values were then allocated per 131 

year across a 0.5-degree spatial grid in proportion to total gridded effort in each LME/high seas. 132 

To exemplify how the gridded F/FMSY data set can be input into MEMs to generate historical 133 

time series of fish biomass and catch, they were input into the FEISTY model forced by outputs 134 

from GFDL’s ocean model (MOM6-COBALTv2) (Adcroft et al., 2019; Stock et al., 2020) that 135 

provides monthly means of physics, biogeochemistry, and lower trophic level production 136 

(section 2.5). The ocean model simulations were run on a 0.25-degree spatial grid using 137 

boundary condition forcing from the Japanese 55-year Reanalysis (JRA-55) products (Tsujino et 138 

al., 2018) and temporally dynamic river freshwater and nitrogen fluxes (Liu et al., 2021). Ocean 139 

model outputs were interpolated to a regular 1-degree grid for the FishMIP contribution to the 140 

ISIMIP Phase 3a protocol (Blanchard et al. this issue) and interpolated to a daily time step for 141 

coupling with FEISTY. We ran scenarios both with and without fishing and compared the 142 

modeled fishing catch with reconstructed catch. 143 
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2.2 Catch and Effort Data 144 

 Fisheries catch, estimated as the sum of reported landings, illegal, unreported and 145 

unregulated catch and discards, were aggregated per functional type and LME for the period 146 

1961-2004 from gridded catch data (Watson, 2017; Watson & Tidd, 2018). The demersal fish 147 

functional type included all species that were classified in Watson (2017) as demersal, bentho-148 

pelagic, flatfish, reef-associated and bathydemersal. Forage fish included all fish classified in 149 

Watson (2017) as pelagic fish < 30 cm and large pelagic fish included all fish classified as 150 

pelagic fish > 30 cm. All other fisheries catch types, representing 17% of total catch, were not 151 

simulated in this study. Total industrial and artisanal fishing effort data by functional type and 152 

LME (including the high seas as one region) were aggregated from Rousseau et al. (2022, 2024) 153 

and then reconstructed for the period 1861-2004 using generalised additive models (SI of 154 

Blanchard et al. this issue). The data describe nominal effort of the active fleet based on the 155 

engine power of the active fleet multiplied with the average days at sea of one vessel. Gridded 156 

total industrial and artisanal fishing effort, on a 0.5-degree spatial resolution, for the period 1961-157 

2004 were obtained from Rousseau et al. (2022, 2024). 158 

2.3 Catch-only Assessment Model 159 

 We applied the Catch-MSY model (Martell & Froese, 2013) to estimate the relative 160 

historical fishing pressure in each of the LMEs. First, we modified the standard Schaefer 161 

formulation to the Pella-Tomlinson formulation of surplus production to be able to attribute 162 

different shape parameters to each of the functional types: 163 

𝐵𝑖,𝑡+1  =  𝐵𝑖,𝑡 +
𝑟𝑖

(𝑛𝑖−1)
𝐵𝑖,𝑡 (1 −

𝐵𝑖,𝑡

𝐾𝑖
)

𝑛𝑖−1
− 𝐹𝑖,𝑡𝐵𝑖,𝑡 , 164 

where B is the exploited biomass of functional type i, n is a shape parameter determining at 165 

which fraction of the unfished biomass MSY occurs, r is the population growth parameter, and K 166 

is the carrying capacity. We used the catch information as input data to infer the fishing mortality 167 

as 𝐶𝑖,𝑡 = 𝐹𝑖,𝑡𝐵𝑖,𝑡 . We a priori assigned n for each of the functional types before assessing the 168 

past F/FMSY status using the n estimates from Thorson et al. (2012) (Table 1), who estimated the 169 

shape parameters based on an analysis of 147 data rich stocks in the RAM stock assessment 170 

database. The fit was conducted by testing a set of r-K combinations which gave a realistic 171 

historical biomass distribution. Here realistic is defined as the biomass always being above 0 and 172 

below the carrying capacity (which only works for fished stocks). We then used the median r-K 173 

combinations to recreate the historical biomass distribution and consequently calculate the 174 

estimated 𝐵𝑖,𝑡. We used the estimates to calculate 𝑀𝑆𝑌𝑖 =
𝑟𝐾

𝑛
𝑛

𝑛−1

, and 𝐹𝑀𝑆𝑌 =
𝑀𝑆𝑌

𝑛
(

1
1−𝑛)𝐾

 and visually 175 

inspected fits to ensure that the MSY estimates were within reasonable boundaries considering 176 

the past catches. 177 

 178 

 179 

 180 

 181 

 182 

 183 

Table 1. Shape parameters for the three fish functional types in the Catch-MSY model. 184 

  185 
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Functional type n 

Demersal 1.540 

Small pelagics 0.599 

Large pelagics 1.431 

 186 

 The catch-only assessment model performs best when the catch time series covers a 187 

period where fishing catches have a large degree of contrast, i.e., both fishing above and below 188 

MSY. Consequently, we excluded certain LMEs with historically low fishing exploitation from 189 

the catch assessment analysis. Specifically, we excluded the Arctic and Antarctic systems, most 190 

Australian LMEs and the insular Pacific-Hawaiian LME, following Stock et al. (2017), and the 191 

high seas. Furthermore, in some LMEs with intermediate and high total catch, certain functional 192 

types exhibited low catches. We thus removed any functional type that contributed less than 5% 193 

to the total catch within a given LME. These exclusions resulted in an estimate of F/FMSY in 45 194 

LMEs for demersal and large pelagic fish and 34 LMEs for forage fish. We compared the F/FMSY 195 

time series of several LMEs and functional types with stock assessment time series of F/FMSY 196 

obtained from the Ram Legacy database v4 (RAM Legacy Stock Assessment Database, 2018) 197 

and the ICES Stock Assessment Graphs database (downloaded January 2023). The comparison 198 

was done for 135 stocks that were aggregated in 14 LME × functional type combinations 199 

(Supplementary Figure S1). 200 

2.4 Time series of F/FMSY per grid cell 201 

 The F/FMSY time series from the catch assessment model only provides information for 202 

functional types in intermediate and high catch LMEs for 1961-2004. For each of these LME × 203 

functional type combinations, we estimated F/FMSY time series for 1841-1960 using the nominal 204 

effort time series per functional type and LME and factors that convert nominal effort to F/FMSY. 205 

To this end, we selected from each catch assessment model outcome the five years closest to 206 

FMSY and MSY. We paired these selected years per functional type and LME with the nominal 207 

effort and averaged the nominal effort values. This average value approximates the total nominal 208 

effort per year that is needed to fish a functional type at FMSY in an LME. We standardized these 209 

nominal effort values to nominal effort at FMSY per km
2
 by dividing by the areal extent of the 210 

fished part of each LME. The fished part was estimated using the total gridded effort information 211 

and by selecting all grid cells (sorted from high to low effort) that correspond to 95% of total 212 

effort in each LME. The standardized nominal effort at FMSY served as the conversion factors to 213 

compute F/FMSY time series for functional types in intermediate and high catch LMEs between 214 

1841-1960 assuming a linear relationship between effort and mortality. In addition, we used the 215 

conversion factors to estimate F/FMSY time series for 1841-2004 for functional types in all low 216 

catch LMEs and the high seas. This was done by converting the time series of nominal effort per 217 

functional type and LME to an F/FMSY time series using a conversion factor from an adjacent 218 

area or the global median of a functional type (Supplementary Table S1). 219 

The spatial allocation of fishing mortality for each functional type to each 0.5-degree grid 220 

cell was done in proportion to total gridded effort in each LME. For the period 1961-2004, the 221 

allocation was based on the existing annual information. For the period 1841-1960, we kept the 222 

spatial allocation the same as for the year 1961. 223 
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2.5 Mechanistic fish community model FEISTY 224 

FEISTY is a temporally dynamic, spatially explicit, mechanistic model that simulates the 225 

biomasses of forage fish (small pelagics), large pelagic, and demersal fishes (Petrik et al. 2019). 226 

Fish functional types are defined by their maximum size, habitat, and prey preferences. Both 227 

large pelagic and forage fish feed on prey, fish and/or zooplankton, in the pelagic zone 228 

throughout their life. Demersal fish initially feed in the pelagic and then transition to the benthic 229 

zone as juveniles at 0.5 g. Demersal fish >250 g feed as generalists on both pelagic and benthic 230 

resources in shelf areas <200 m depth, whereas they feed solely in the benthic zone in deeper 231 

areas. FEISTY includes a multi-stage life cycle of these fishes and includes food-dependent 232 

growth and reproduction. All metabolic and feeding rates scale with individual body size. 233 

Maturation is modeled with a food-dependent function that translates individual-level 234 

assumptions about growth in body size to the population level (de Roos et al., 2008). Growth, 235 

reproduction, and mortality are the consequence of prey encounter and consumption, standard 236 

metabolism, predation, and fishing, which depend on (1) habitat temperatures that affect the 237 

speed of rates, (2) mesozooplankton biomass, mesozooplankton loss rates to higher predators, 238 

and detritus flux to the seafloor that set the food available to upper trophic levels, (3) explicit 239 

predator-prey interactions and competition. FEISTY has been reasonably successful in 240 

representing observed trends of peak fisheries catches (correlation between observed and 241 

modeled total catch per LME is 0.54) and reproduces the underlying mechanisms involved in 242 

structuring large pelagic vs. demersal fish (Petrik et al. 2019). 243 

In past simulations when FEISTY was coupled to outputs from COBALT (Petrik et al. 244 

2019, 2020), forcings included distinct medium and large zooplankton groups (small and large 245 

mesozooplankton). The simulations here were completed using the FishMIP protocol (Blanchard 246 

et al. this issue) that combines the COBALT medium and large zooplankton into one 247 

mesozooplankton group. Additionally, zooplankton loss rates to higher predators 𝑧𝐻𝑃𝑙𝑜𝑠𝑠 are not 248 

provided. Thus an empirical relationship between mesozooplankton biomass zbio and upper water 249 

column temperature Tpel was developed to estimate these rates as successfully used in past 250 

FishMIP simulations (Heneghan et al., 2021; Tittensor et al., 2021): 251 

𝑧𝐻𝑃𝑙𝑜𝑠𝑠 = 10(−2.925+1.964∙log10(𝑧𝑜𝑜𝑏𝑖𝑜+𝑒𝑝𝑠)) + 1.958 ∙ 10−2 ∙ 𝑇𝑝𝑒𝑙, with eps being a value close to 252 

zero. 253 

2.5 Model parameterization and simulations 254 

All FEISTY model parameters were taken from Petrik et al. (2019). We implemented 255 

fishing in FEISTY from the F/FMSY time series by identifying the fishing mortality that 256 

corresponds to FMSY in FEISTY. FMSY is a dynamic parameter that varies with the food web 257 

configuration, the amount of fishing on the other fish types, fishing selectivity, as well as the 258 

abiotic conditions. Finding FMSY for each permutation of these factors was computationally 259 

prohibitive. Instead, we examined how FMSY varied with prey production and temperature for 260 

large pelagic and demersal fish (Supplementary Figure S2; no such estimation could be made for 261 

forage fish as they are heavily depending on fish predation mortality). We found that changes in 262 

prey production had a limited effect on FMSY, but temperature had a large predictable effect 263 

resulting from a higher turnover rate of biomass in FEISTY in warmer waters, which makes fish 264 

more resilient to fishing. We thus approximated the temperature effect on FMSY in FEISTY with 265 
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a temperature term that is linked to the thermal sensitivity of metabolism (0.063 ºC
-1

). We set the 266 

daily fishing mortality F for each functional type f, including forage fish, as: 267 

𝐹𝑖,𝑓,𝑡 =
0.3

365
∙  (

𝐹

𝐹𝑀𝑆𝑌
)𝑖,𝑓,𝑡 ∙ exp (0.063 ∙ (𝑇𝑖,𝑡 − 10)) 

where T (°C) is the mean habitat temperature in grid cell i and day t (T = 0-100m mean for 268 

forage fish and large pelagics and T = bottom temperature for demersal fish), 0.3 is the obtained 269 

value of FMSY in FEISTY at 10 ºC, and (F/FMSY)i,f,t is based on the time series derived as 270 

described in the prior section. Fishing gear selectivity was 100% for the largest size class of all 271 

functional types (1 × Fi,f,t). In addition, large pelagic and demersal fish were fished with 10% 272 

selectivity at the juvenile stage (0.1 × Fi,f,t). Model spin-up with the ocean-forcing variables and 273 

fishing mortality was done by repeating cycles of the ocean inputs between 1961-1980 (there are 274 

no ocean outputs prior to 1961) combined with the fishing mortality of 1841. We afterwards ran 275 

the model with daily time steps from 1841 up to 2004 using year-specific fishing mortalities 276 

from 1841 and year-specific ocean outputs from 1961. In addition, we ran FEISTY without 277 

fishing as an alternate scenario 278 

3 Results 279 

3.1 Fishing exploitation patterns 280 

 Large pelagic and demersal fish are, on average, fished with a higher intensity than 281 

forage fish (Figure 1). On a global scale, both large pelagic and demersal fish peak in 282 

exploitation rate in the late 1980s, but the exploitation patterns strongly vary between regions. 283 

The Arctic/Antarctic region has the lowest exploitation for all fish types and the Mediterranean 284 

and Black Sea region the highest. Large pelagic fishing intensity peaks in the North Atlantic 285 

before the 1970s and in the Eastern and Western Pacific and Mediterranean and Black Sea 286 

around the 1990s. Large pelagic fishing intensity is highest in the South Atlantic and Indian 287 

Ocean in the most recent years. Demersal fishing intensity peaks in the Mediterranean and Black 288 

Sea region before the 1970s. Demersal fishing intensity is relatively constant, with F/FMSY 289 

around 0.6, in the North and South Atlantic and Western Pacific between 1970s and 2000s. 290 

Demersal fishing intensity is highest in the Indian Ocean and Eastern Pacific in the most recent 291 

years. For forage fish, the patterns are more variable, but most regions have a peak in forage fish 292 

fishing mortality in the 1980s and/or the 2000s.  293 
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 294 
Figure 1. Time series of average annual exploitation rates (F/FMSY) aggregated per region based 295 

on the average of all LMEs in each region (all LMEs are given equal weight).  296 

  297 

 Maps of the gridded exploitation patterns mirror the above results (Figure 2). The maps 298 

show that most LMEs with a narrow shelf have a relatively high F/FMSY in the shallow areas and 299 

low values in the deeper regions. This distribution reflects the spatial allocation of fishing 300 

intensity in proportion to total gridded effort in each LME (see method). Large pelagic fish are 301 

fished at higher intensity in the high seas than demersal and forage fish.  302 
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 303 
Figure 2. Maps of gridded average F/FMSY for large pelagic (a, d, g), demersal (b, e, h) and 304 

forage fish (c, f, i) in the early 1960s, 1980s and 2000s.  305 

A comparison between F/FMSY from data-rich stock assessments and the catch-derived 306 

F/FMSY shows that the catch-derived F/FMSY is comparable to but on average lower than the 307 

stock-derived F/FMSY (Figure 3 & S1). Part of this difference may be attributed to the selection of 308 

species; the stock assessment data consist of the most important fished species, whereas the 309 

catch-derived estimates are based on the whole community catch. Nevertheless, it is likely that 310 

the catch-derived assessment has underestimated fishing mortality in some regions. The reverse, 311 

an overestimation of fishing mortality, happened in the Eastern Bering Sea and the Gulf of 312 

Alaska (Figure 3).  313 
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 314 
Figure 3. Violin plots with annual differences between stock assessment F/FMSY and catch-only 315 

derived F/FMSY for 14 LME × functional type combinations between 1980 and 2004. The stock 316 

assessment F/FMSY are based on the geometric mean (equal weighting of each stock). The dot 317 

shows the median difference. A difference of 1 (-1) indicates that the assessment-derived F/FMSY 318 

is one FMSY higher (lower) than the catch-derived. See supplementary Figure S1 for individual 319 

time-series of each stock. 320 

3.2 Simulations of fish catch 321 

Simulated time series of global catches derived by applying the F/FMSY estimates above 322 

to FEISTY show good agreement with reconstructed fisheries catches, especially for total fish 323 

and large pelagic fish catch (Figure 4). Model estimates of demersal fish are typically 5 to 10 324 

million metric tonnes per year lower. Forage fish modeled catches are close to the fisheries catch 325 

data but show a steady increase over time which is not observed in the data.  326 
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 327 
Figure 4. Time-series of observed (solid) versus model-based (dashed) catches. Fish catch 328 

includes all fish classified as large pelagic, forage fish and demersal in our study. Total catch 329 

includes all marine organisms and was not simulated in the study.   330 

 331 

Comparisons of observed and modeled fish catches across LMEs show a high correlation 332 

for total landings (r = 0.85), demersal fish (r = 0.84) and forage fish (0.79) (Figure 5). Large 333 

pelagic fish have a correlation of 0.69 and lower modeled catches in several LMEs, among 334 

others, the Sulu-Celebes Sea and the Northeast Australian Shelf. In absolute numbers, the 335 

difference between model and data in total landings is less than 1 million MT y
-1

 in 78% of the 336 

LMEs. In addition, no consistent mismatch in catch is observed for specific latitudinal regions. 337 

The largest differences between data and model are observed in the Humboldt Current (9.4 338 

million MT y
-1

 higher in data mainly due to forage fish catch), Mediterranean Sea (3.8 million 339 

MT y
-1

 higher in model), Arabian Sea (3.6 million MT y
-1

 higher in model) and Sea of Okhotsk 340 

(2.9 million MT y
-1

 higher in data). 341 
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 342 
 343 

Figure 5. Comparison of observed and modeled fish catch per LME based on the mean catch 344 

between 1990-2000. Fish catch (a) includes all fish classified as large pelagic (b), demersal (c) 345 

and forage fish (d) in our study. A value of 0.001 million MT was added to both data and model 346 

outputs to limit focus on very low catches. 347 

3.3 Simulations of fish biomass 348 

Global fish biomass in the unfished scenario is varying between 1.72 and 1.85 gigaton in 349 

the period 1961-2004. Simulated unfished biomass is typically lower than the estimated unfished 350 

biomass (parameter K) derived from the catch-only model for LMEs with intermediate and high 351 

catches, though positively correlated (Figure 6a, and supplementary Figure S3 for each 352 

functional type). Relative to an unfished scenario, fishing has resulted in a global biomass 353 

decline of 10-15% in large pelagic and demersal fish and 25% decline in shelf regions as of 2004 354 

(Figure 6b-c). In contrast, the simulations show a global increase of 25% in forage fish biomass 355 

in the fishing scenario and a 50% increase in shelf regions, primarily caused by the release of 356 

predation pressure from large demersal and pelagic fish. Demersal fish show a clear decline in 357 

biomass with increasing fishing pressure across LMEs. Demersal fish biomass is around 60% of 358 

the unfished biomass in LMEs that are fished at FMSY (Figure 7b). The biomass response of large 359 

pelagics and forage fish across LMEs is largely unrelated to fishing pressure on each of these 360 
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types (Figure 7a and c), suggesting that the biomass changes in these groups are strongly 361 

impacted by trophic interactions beyond fishing. 362 

 363 

 364 
Figure 6. Comparison of simulated fish biomass in the unfished scenario averaged across years 365 

1961-2004 and the estimated unfished biomass (parameter K) derived from the catch-only model 366 

average across years (a). Changes in fish biomass relative to an unfished scenario between 1961 367 

and 2004 for the entire ocean (b) and all continental shelves <500 m in depth (c). Panel (a) is 368 

based on 34 LMEs for which we obtained an estimate of K for all three functional types using the 369 

catch-only model.     370 

 371 

 372 

 373 

 374 
Figure 7. Relation between B/Bunfished and F/FMSY for all LMEs based on average values between 375 

1990 and 2000. Bunfished is the biomass in an unfished scenario. The size of the dot reflects the 376 

size of the observed fishing catch.  377 
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4 Discussion 378 

We estimated regional fishing exploitation levels (F/FMSY) for forage, large pelagic and 379 

demersal fish functional types utilizing fisheries catch and effort data. By applying the F/FMSY 380 

estimates in a mechanistic MEM, we successfully conducted simulations of global catches and 381 

catch per functional type over time. In the FEISTY model, fishing at the estimated historical 382 

exploitation rates caused a 25% decline in the biomass of large pelagic and demersal fish 383 

predators and a 50% increase in forage fish biomass in shelf ecosystems over the simulated time 384 

period as compared to an unfished situation. The simulated increase in forage fish biomass is the 385 

result of a trophic cascade triggered by the decline of fish predators due to fishing (Frank et al., 386 

2005). The observed increase in forage fish biomass due to fishing surpasses the anticipated 387 

increase of forage fish biomass due to climate change (± 4% fractional increase), which is 388 

triggered by a decline of fish predators that suffer from higher metabolic costs in a warming 389 

ocean and from declines in prey productivity (Petrik et al., 2020; Tittensor et al., 2021). These 390 

findings underscore the influential role of fishing as a primary driver of fish community 391 

dynamics, emphasizing the need to evaluate the impact of climate change within the context of 392 

an historically altered fish community (Brander, 2007). The exploitation levels provide potential 393 

standardized data forcing for simulation experiments, including model intercomparison projects, 394 

where fishing effort are problematic to run, or where a common set of mortality rates across 395 

MEMs is warranted.  396 

Previous global simulations of fishing within the FEISTY model were kept simple by 397 

implementing a constant fishing mortality rate across space and time, aiming to achieve MSY 398 

across the three functional types (Petrik et al., 2019). The dynamic fishing mortality rates 399 

introduced in this study improved correlations between simulated and observed catches during 400 

peak exploitation (Supplementrary Table S2). Part of these improvements can be attributed to 401 

comparing fishing catches in all LMEs, including the lightly fished LMEs that were omitted in 402 

the prior study. Without these LMEs, our correlation for forage fish (and total catch) remain 403 

higher than Petrik et al. (2019) (Supplementrary Table S2). This finding is in line with the re-404 

constructed F/FMSY estimates which indicated that forage fish has typically faced fishing 405 

mortality rates lower than FMSY and are thus not fished at levels that would lead to peak 406 

exploitation. Despite these improvements, a significant uncertainty persists, namely the 407 

parameterization of FMSY which is varying with temperature in the FEISTY model, whereas, both 408 

in the FEISTY model and in nature, FMSY is varying in a more dynamic way due to biotic 409 

interactions within and between functional types. This dynamic nature of FMSY poses a challenge 410 

in capturing fishing effects in food web models (Spence et al., 2021). We recommend that other 411 

MEMs approximate the temperature effect on FMSY ahead of using the F/FMSY estimates. 412 

Among LMEs, we observe a 40% decrease in demersal fish biomass relative to unfished levels 413 

with fishing rates at MSY and no clear response in forage and large pelagic fish. These effects 414 

are different from what is assumed in some surplus production models where fishing at MSY is 415 

estimated to cause a 50% decline in total stock biomass relative to an unfished state (Mangel, 416 

2006)(chapter 6). The primary underlying factor for the complex responses in FEISTY is trophic 417 

interactions. In addition, some of these dynamics can be attributed to the structural 418 

characteristics of the FEISTY model. Fish in FEISTY mature at relatively small sizes compared 419 

to their maximum potential size. This decision was made to encompass a spectrum of fish 420 

species with just 2-3 size classes within each functional type (Petrik et al., 2019). Additionally, 421 

the model includes gear selectivity parameters that target predominantly (in the case of large 422 
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pelagic and demersal fish) or exclusively (for forage fish) mature fishes, which allows fish to 423 

survive long enough to spawn in the model. Consequently, the resilience of fish biomass to 424 

fishing in FEISTY may be higher than for natural stocks and FEISTY may likely be 425 

underestimating the global changes in biomass of each functional type. However, these effects 426 

mainly influence biomass and less fisheries catches as gear selectivity is only expected to affect 427 

the maximum sustainable yield lightly (Andersen, 2019)(fig. 5.11, see trawl selectivity).  428 

Part of the observed resilience to fishing is also linked to the food web dynamics. As 429 

anticipated, these dynamics increased forage fish biomass in most LMEs in the fishing scenario, 430 

which is a consequence of trophic cascades initiated by the decline of demersal and large pelagic 431 

fish with fishing in these systems (Andersen & Pedersen, 2010; Casini et al., 2008; Daskalov et 432 

al., 2007; Frank et al., 2005). However, the food web dynamics also led to a somewhat 433 

counterintuitive pattern, namely, an increase in large pelagic fish biomass with fishing in several 434 

LMEs, particularly those with high observed catches. Part of this counterintuitive outcome is 435 

likely a trophic cascade mediated through the larval and juvenile stages as competition with 436 

demersal fish is relieved. In addition, this counterintuitive outcome is underpinned by an 437 

ecological mechanism known as overcompensation (De Roos et al., 2007; Schröder et al., 2009). 438 

Overcompensation entails a positive population response to mortality, which results in an 439 

increased equilibrium level of the population. Overcompensation has been observed in 440 

theoretical models as well as in experiments in field and laboratory systems, but only in low-441 

diversity systems (Schröder et al., 2014). Overcompensation is unlikely for large pelagic biomass 442 

dynamics in diverse marine ecosystems as less fished species of similar functional type could 443 

replace the more fished species.  444 

Previous regional estimates of fishing exploitation used averages of assessed stocks 445 

(Hilborn et al., 2020). Here we estimated exploitation patterns from aggregated catch data to 446 

obtain estimates for each functional type and region. However, in natural ecosystems, a 447 

functional type is exploited with a mixture of stock-specific rates, rather than one single rate, and 448 

includes species without fisheries. The total catch in each functional type thus represents the 449 

cumulative of all catches, potentially representing the substitution of a newly exploited stock for 450 

an overexploited one. It is difficult to assess how well the catch-only model can deal with these 451 

aggregated catch data as the method has solely been tested for individual stocks (Martell & 452 

Froese, 2013). A comparison with regional averages of assessed stocks in our study indicated 453 

that the catch-only modeled exploitation rates tend to be lower. These lower values align with 454 

our expectations as stock assessment data primarily focuses on the most economically significant 455 

species within each functional type, often omitting information on less commercially important 456 

species that have a lower exploitation (Ovando et al., 2021). In addition, we found a large 457 

difference in unfished biomass estimates between the catch-only model and FEISTY. For catch-458 

only models, the relative rates (e.g., F/FMSY and B/BMSY) are often considered more reliable that 459 

the absolute rates of biomass, such as the carrying capacity. The catch-only carrying capacity is 460 

also independently estimated for each functional type and this may cause the sum of these 461 

carrying capacities to overshoot the total fish productive capacity of each ecosystem. This 462 

potential overshoot of the catch-only estimates may explain why the unfished biomass estimates 463 

in FEISTY are consistently lower. 464 

The methodology used for deriving fishing exploitation rates, the spatial allocation 465 

method, and the incorporation of mortality rates within the fish model FEISTY all introduce 466 
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uncertainties. These uncertainties are inherent when simulating global fish food webs and their 467 

fisheries. Nevertheless, the simulated ecosystem catches demonstrated an encouraging match to 468 

observed values, particularly in the case of total global catch. This alignment suggests that the 469 

model reasonably captures the productive capacities of diverse ecosystems on a global scale and 470 

can broadly replicate realistic long-term trends of fish catches. These results can support the 471 

quantification of future trends in global fish biomass and potential fisheries production and 472 

inform ongoing global assessments of climate change impacts on marine ecosystems. 473 

 474 
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