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Key Points:

e We developed a standardised skill assessment framework for an ensemble of global
marine ecosystem models

e Selected models show agreement with the trajectory of fisheries catch, but exhibit
biases compared to observed absolute catch values

e Our framework provides a solid basis to guide global marine ensemble model

improvement and increase credibility of ensemble projections
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Abstract

Understanding climate change impacts on global marine ecosystems and fisheries requires
complex marine ecosystem models, forced by global climate projections, that can robustly
detect and project changes. The Fisheries and Marine Ecosystems Model Intercomparison
Project (FishMIP) uses an ensemble modelling approach to fill this crucial gap. Yet FishMIP
does not have a standardised skill assessment framework to quantify the ability of member
models to reproduce past observations and to guide model improvement. In this study, we
apply a comprehensive model skill assessment framework to a subset of global FishMIP
models that produce historical fisheries catches. We consider a suite of metrics and assess
their utility in illustrating the models’ ability to reproduce observed fisheries catches. Our
findings reveal improvement in model performance at both global and regional (Large
Marine Ecosystem) scales from the Coupled Model Intercomparison Project Phase 5 and 6
simulation rounds. Our analysis underscores the importance of employing easily
interpretable, relative skill metrics to estimate the capability of models to capture temporal
variations, alongside absolute error measures to characterise shifts in the magnitude of
these variations between models and across simulation rounds. The skill assessment
framework developed and tested here provides a first objective assessment and a baseline
of the FishMIP ensemble’s skill in reproducing historical catch at the global and regional
scale. This assessment can be further improved and systematically applied to test the
reliability of FishMIP models across the whole model ensemble from future simulation

rounds and include more variables like fish biomass or production.
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1 Introduction

Across the world’s oceans, marine ecosystems are impacted by humans through fishing,
pollution, land use change, and via the accelerating impacts of climate change and
ecosystem degradation (Halpern et al., 2008; Hatton et al, 2021). Demand on marine
ecosystems for food production is already outpacing human population growth (FAO,
2022), while climate change impacts are expected to perturb marine communities, from
individuals to ecosystems (Fulton et al, 2019), driving changes in the availability,
resilience, biomass and location of fish stocks (Blanchard et al., 2012; Booth et al,, 2017;

Cheung et al., 2010; Hollowed et al., 2013; Lotze et al,, 2019; Tittensor et al., 2021).

With the growing scope of human impacts on life below water, a range of global Marine
Ecosystem Models (MEMs) has been developed by the international research community to
help understand and project future change; from simple models based on macroecological
scalings to end-to-end models that explicitly represent physical, ecological, and human
dynamics; spanning regional systems up to the global ocean. The Fisheries and Marine
Ecosystem Model Intercomparison Project (FishMIP; Lotze et al., 2019; Tittensor et al,,
2018, 2021; www.fishmip.org) was established in 2013 as part of the broader Inter-
Sectoral Impact Model Intercomparison Project (ISIMIP; www.isimip.org) to capitalise on
the benefits of bringing such models together into an ensemble. As of today, the FishMIP
ensemble comprises no less than nine global and over thirty regional MEMs (Tittensor et
al., 2021; Ortega-Cisneros et al., this issue). Individual MEMs are forced by standardised
inputs to investigate the influence of environmental conditions and global fishing on ocean
biomass and catches while accounting for structural uncertainty across the models

(Tittensor et al.,, 2018, 2021).



85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

manuscript submitted to Earths Future

Amongst today’s most relevant applications of MEMs is quantifying and projecting
anthropogenic impacts on marine ecosystems with an overarching goal of informing
climate change mitigation and adaptation policy, food security issues, and biodiversity
policy (Novaglio et al,, 2024). Yet to credibly project anthropogenic impacts on marine
ecosystems, the reliability of these MEM projections must be assessed in terms of their skill
in reproducing past observations. Skill assessment, broadly, involves comparing model
outputs for each member of an ensemble with independent sources of observational data
using statistical techniques, and comparing metrics of skill across models (Baumberger et
al., 2017; Kubicek et al., 2015; Power, 1993; Stow et al., 2009). Robust skill assessment for
ecological models is challenging and still lacks widespread usage. A recent review found
that as few as 24% of published ecological modelling studies conducted some form of
objective (i.e. metric based) skill assessment (Kubicek et al, 2015), while basic visual
comparison is the most commonly used subjective skill assessment method, and is
arguably the de facto community standard (Stow et al.,, 2009). More work is needed to
standardise and accelerate the use of model skill assessments to enhance the credibility

and reliability of ecosystem model projections for MEMs.

Rigorous model skill assessment needs to address the relevance of models to the scientific
or societal question they are addressing (Jakeman et al., 2006; Planque et al., 2022). This
includes identifying sets of relevant metrics that help quantify the realism of simulated
variables or patterns of importance (Allen & Somerfield, 2009; Bennett et al., 2013; Power,
1993; Stow et al, 2009); and addressing the relevance of the models given technical
limitations or the needs of end-users (Hamilton et al., 2019; Kubicek et al., 2015; Steenbeek

et al.,, 2021, this issue).
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There are four major challenges that have inhibited the widespread usage of skill
assessment for ecological models including MEMs, and especially for cross-model
comparison: (1) the absence of a standardised framework, leading to arbitrary and
inconsistent choices of important metrics (Geary et al., 2020; Hipsey et al., 2020; Kubicek et
al., 2015; Mayer & Butler, 1993; Rykiel, 1996); (2) the need for multiple relevant metrics to
assess different aspects of model performance, as relying on a single metric can obscure
divergent behaviour or favour models that are highly correlated with a particular set of
observations by chance (Bennett et al,, 2013; Eyring et al., 2019; Legates & McCabe Jr.,
1999; Mayer & Butler, 1993; Power, 1993); (3) credible replication of observations by a
model in some regions or for a given time-period does not guarantee performance beyond
the calibrated range (Eyring et al., 2019; Hipsey et al, 2020; Hollowed et al., 2013;
Refsgaard et al., 2014; Steenbeek et al., 2021; Wagener et al., 2022); (4) the hypothetical
nature of future projections makes their comparison to observations unfeasible
(Baumberger et al,, 2017; Hamilton et al., 2019; Hollowed et al,, 2013; Refsgaard et al,,

2014).

In the context of fisheries and ecosystem models, these challenges are compounded by
limitations in the observational data available to validate MEMs, and the quality of available
data. While global and regional catch reconstructions exist (e.g. Pauly & Zeller, 2016;
Watson & Tidd, 2018), global observations of fish biomass are lacking. Stock assessments,
such as the RAM Legacy Stock Assessment Database (Ricard et al, 2012;
www.ramlegacy.org) or recent regional standardised synthesis of biomass observations

from trawl surveys (Maureaud et al., 2023) are filling this gap, though they remain limited
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in spatial coverage, and represent snapshots in time that do not capture variability at

seasonal, interannual, or longer timescales.

Although individual skill assessment of FishMIP models has been performed on individual
models (Barrier et al,, 2023; Blanchard et al,, 2012; Carozza et al., 2016, 2017; Cheung et al,,
2011; Christensen et al., 2015; Christensen & Walters, 2004; Heneghan et al, 2021;
Jennings & Collingridge, 2015; Maury et al., 2007; Maury, 2010; Novaglio et al., 2022;
Ortega-Cisneros et al.,, 2017; Petrik et al., 2019; Sturludottir et al., 2018), these assessments
vary from model to model and no standardised skill assessment across the FishMIP model

ensemble has taken place yet.

This paper sets the foundations of a skill assessment framework for FishMIP based on the
“Concept-State-Process-System” (CSPS) framework created by Hipsey et al. (2020), to build
confidence that future predictions are robust and credible. We choose the CSPS framework
for its thorough, multi-step process and extensive integration of skill assessment examples

in aquatic ecosystem literature.

In choosing and adapting the CSPS framework we attempt to address the first three key
challenges (absence of a standardised framework, the need for multiple metrics and model
credibility beyond calibrated range) that have hindered the widespread use of model skill
assessment in marine ecosystem modelling, and FishMIP in particular. In doing so we: (1)
conduct the first standardised model skill assessment of fisheries catch predictions across a
subset of FishMIP ensemble members and (2) demonstrate how the CSPS framework can

be utilised as the foundation for building context-specific ecosystem skill assessment tools.
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We argue that the subsequent uptake of such a framework will improve the credibility and
reliability of global MEMs, strengthening their use to inform decision-making. The wider
benefits of this case study include illustrating how the framework can be customised for
the skill assessment needs of other model intercomparison projects, and therefore further
the development of open-access, reliable skill assessment tools for other climate-impact

assessment ensembles.

2 Materials and Methods

2.1 Concept-State-Process-System (CSPS) Framework Overview

The CSPS framework categorises measurable elements of ecosystem structure and function
across four levels (Hipsey et al., 2020). Level 0 (conceptual assessment) focuses on
ensuring that model parameterisations, assumptions and representation of the underlying
system are reasonable and derived from a credible scientific basis, and that the level of
complexity in the model is appropriate for the questions being asked (Hipsey et al., 2020;
Kubicek et al., 2015; Rykiel, 1996). Level 1 (state assessment) is concerned with a model’s
ability to reflect past observations of measured ecosystem properties. This is generally
achieved using metrics that assess goodness-of-fit, which can highlight various mismatches
between observations and simulations (Stow et al., 2009). Level 2 (process assessment)
and Level 3 (system assessment) explore whether the model is right for the right reasons,
i.e., whether the model has captured the important underlying rates of change within the
ecosystem, as well as spatial and temporal dynamics that emerge from the model (Hipsey

et al., 2020).
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Due to the complex task of developing a standardised skill assessment framework for
FishMIP models (as detailed in the introduction) and the current lack of a set of
quantitative measures to assess FishMIP models’ ability to reproduce past trends and
patterns, this paper focuses on the implementation of Level 1 model skill assessment.
However, we will consider future developments, including the development of methods for
Levels 2 and 3 in the context of FishMIP in the Discussion, noting that such methods are
still broadly described in the literature and seldom considered when assessing marine

ecosystem models.

CSPS addresses three of the four major challenges of MEMs skill assessment: it provides a
standardised approach and selection of metrics that can be used across models (addressing
the absence of a standardised assessment framework); multiple metrics are used to assess
model performance (addressing the need for a suite of metrics to holistically assess model
performance); and, finally it provides a framework to assess whether models can replicate
ecosystem processes and properties, which is critical for MEMs to provide credible
prediction outside their calibrated range (Hipsey et al, 2020; Kubicek et al, 2015;
Steenbeek et al., 2021). The identification of emergent processes are context- and model-
specific, as the important dynamics to be assessed vary depending on the purpose of the
model (Petrik et al.,, 2022; Novaglio et al., this issue). Identifying relationships between
historical simulations and forecasted ocean states through emergent constraints will help

address the challenge arising from the hypothetical nature of model projections.



192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

manuscript submitted to Earths Future

2.2 Metrics for Level 1 FishMIP model assessment

We adapted the CSPS framework to the skill assessment needs of FishMIP in three steps.
First, we used the CSPS framework as a benchmark to categorise model skill assessment
approaches proposed in other papers (see Table S1). Second, we used best practices and
commonly agreed-upon statistical measures to recommend FishMIP-appropriate
assessment measures (Table 1). Third, we applied the framework to two structurally
contrasting global FishMIP models and assessed their respective ability to reproduce
historical fisheries catches at both the global and Large Marine Ecosystem (LME) scale.

We used a synthesis of goodness-of-fit metrics from existing skill assessment literature
(Table 1, S2), from which we selected a range of statistical measures for this study (Table
1). Following the advice of Legates & McCabe Jr. (1999) in using both relative and absolute
error measures, for our Level 1 assessment we used a visual representation of correlation
and bias, and a Taylor diagram plot of standard deviation, Pearson correlation and centred
root mean squared error. Alongside this, we calculated 6 independent metrics of model
skill assessment (Table 1; Allen & Somerfield, 2009; Bennett et al., 2013; Mayer & Butler,
1993; Stow et al,, 2009; Taylor, 2001). These metrics measure: (1) the models' ability to
replicate trends over time (Pearson correlation (R)); (2) bias between projections and
observations (average error (AE), root mean squared error (RMSE), mean absolute error
(MAE)); and (3) a combination of trend and bias (reliability index (RI), and modelling
efficiency (MEF)). These skill metrics are detailed in Table 1 and S2. These metrics are
calculated for the two FishMIP MEMs, considered here and described in the next section,

and are tabulated for comparison.
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Table 1. Skill Assessment Metrics. List of skill assessment metrics, their usage, and
additional notes. Adapted from Stow et al., (2009). See Table S2 for more information about

these metrics.

Name Type

Usage

Notes

Correlation

(R)

Relative

Average

Error (AE) Absolute

Root Mean
Squared
Error
(RMSE)

Absolute

Mean
Absolute
Error (MAE)

Absolute

Reliability

Index (RI) Relative

R measures the degree to which
simulated and observed catches
change together in time. This metric
indicates if both variables move in
the same direction over time.

AE is the sum of the size of the
discrepancies between simulated
and observed catch value-pairs. It

measures the aggregate bias (or
under/overestimation) of simulated
catches compared to observations.

RMSE gives the average distance
between predicted and observed
catches. It measures the aggregate
bias of simulated catches compared
to observation Centred RMSE - as
reported in a Taylor diagram - is
given as a RMSE relative to the
standard deviation of observed
catches.

MAE is the sum of the absolute size
of the discrepancies between
simulated and observed catches. It
measures the aggregate bias of the
simulated catches compared to
observations.

Rl is a measure of the average

multiplicative factor by which

simulated catches differ from
observations. Similar to AE, RMSE
and MAE, it can be used to measure
the bias of the simulations, but as a

Ris arelative (or dimensionless)
statistic, meaning that correlation
is not influenced by the magnitude
of the underlying data, therefore
values close to 1 can occur even if
there is considerable difference in
magnitude between the values.
Additionally, correlation can be
sensitive to outliers if they exist in
the data. Relative statistics are
comparable across different
models or regions.

A shortcoming of AE is that results
close to zero can indicate either a
close match or can be a result of

positive and negative errors

cancelling out. To overcome this,

other methods of calculating error

can be used instead of, or
alongside, AE.

RMSE accommodates for the
shortcomings of AE as it considers
the magnitude, but not the
direction, of each discrepancy. As
RMSE uses the square of each
discrepancy, it is more sensitive to
the influence of outliers than
either AE or MAE.

MAE accommodates for the
shortcoming of AE, by using the
absolute value of the
discrepancies. When absolute
differences are of a similar
magnitude, RMSE and MAE will be
approximately equal (Mayer &
Butler, 1993)

Rl results are relative making
them useful for comparing
projections from different models
or for different regions
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relative statistic, it can be compared
across different models or regions.

MEF € (-0, 1]. A negative result

. . indicates that the observational
MEF measures the predictive ability v

Modelling ) . . average is a better predictor than
.. . of model simulations, relative to the .

Efficiency Relative 1 average of the observations in an the model projections. Results >0

(MEF) 5 indicate that the model is a better

easily interpretable single statistic. .
y p § predictor than the average of the

observations.

All analyses were carried out in R-statistics version 4.2.3 (R Core Team, 2023). Statistical
metrics were calculated using the R packages “Metrics” (Hamner et al., 2018), “topmodel”
(Buytaert, 2022) and “qualV” (Jachner et al., 2007), and the Taylor diagram was plotted

using the R package “openair” (Carslaw & Ropkins, 2012).

2.3 Marine Ecosystem Models

We obtained model data from two published global MEMs that are members of the FishMIP
ensemble and have provided historical simulation outputs of fisheries catches under two
FishMIP simulation protocols (using Coupled Model Intercomparison Project (CMIP) Phase
5 and 6 Earth system model forcings, respectively); the BiOeconomic mArine Trophic Size-
spectrum model (BOATS; Carozza et al., 2016, 2017) and EcoOcean (Christensen et al.,
2015; Coll et al., 2020). These models are a subset of the 9 FishMIP global MEMs (Tittensor
et al,, 2021), but they are the only two that had historical outputs of fisheries catches across
the two simulation rounds at time of publication. Nevertheless, these models capture a
significant portion of the spectrum of model complexity across the full FishMIP ensemble,
from BOATS which resolves individual organisms by body size alone, to EcoOcean which

explicitly incorporates information about thousands of species.
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BOATS is a size-structured model that uses broad-scale ecological relationships and
individual-level metabolic constraints to calculate the production of fish biomass. It is
coupled with an economic module that determines fishing effort and harvest based on the
profitability of the exploitation of this biomass given globally homogenous economic
boundary conditions (Carozza et al., 2016, 2017). BOATS fish biomass production is driven
by water temperature (averaged over the top 75m) and depth-integrated net primary
production from Earth System Models (ESMs) and implicitly includes all commercially
fished animal biomass from 10 g to 100 kg for three fish groups of increasing asymptotic
mass (0.3 kg, 8.5 kg and 100 kg, respectively). By default, in each grid cell of the simulated
domain BOATS assumes open-access fishing effort dynamics (Carozza et al, 2016;
Tittensor et al., 2018), although it can be forced by observational reconstructions of effort

and other social or economic drivers (Scherrer & Galbraith, 2020).

EcoOcean is a combined trophodynamic and species distribution model with a mass-
balanced food web model at its core (Christensen et al., 2015; Coll et al., 2020). It uses
fishing effort and gear type as forcings, and a gravity model to spatially spread effort across
grid cells within LMEs based on expected profitability and fishing costs. Fish prices, used to
estimate expected revenue, are model inputs while fishing costs are assumed to be
proportional to the grid cell’s distance from the nearest coast. Both fish prices and costs are
used to calculate fishing effort. The EcoOcean realisation used in this study considers
depth-resolved water temperature and depth-integrated small and large phytoplankton
biomass as drivers. EcoOcean resolves 51 functional groups, including fish, sharks and rays,

invertebrates and mammals, to represent the whole spectrum of marine organisms and



257

258

259

260

261

262

263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

manuscript submitted to Earths Future

integrates explicit information for 3,400 species of marine organisms (Christensen et al.,

2015; Coll et al., 2020; Tittensor et al., 2021).

Both MEMs use common simulation protocols, as defined by the Inter-Sectoral Impact
Model Intercomparison Project (ISIMIP; www.isimip.org). We used output from protocols
[SIMIP2b and ISIMIP3b (Blanchard et al., 2024; Frieler et al., 2017, 2024; Tittensor et al,,

2018, 2021), which used climate forcings from the CMIP5 and CMIP6, respectively.

Total catch output data were provided in a standardised 1° grid cell format monthly.
Historical simulations from both MEMs spanned 1971-2005 for ISIMIP2b and 1950-2014
for ISIMIP3b. All outputs from the FishMIP ensemble are available at

www.isimip.org/gettingstarted /data-access/. This includes outputs used for the two

models presented in this study, except for EcoOcean outputs from ISIMIP3b (available

here: 10.5281/zenodo.11081600).

3 Marine Ecosystem Model Forcings and Observational Data

For both ISIMIP2b and 3b, BOATS and EcoOcean were forced with outputs from two Earth
System Models (ESMs): Geophysical Fluid Dynamics Laboratories (GFDL) (version ESM2M
and ESM4.1 for ISIMIP2b and ISIMIP3b, respectively; Dunne et al., 2012, 2020) and Institut
Pierre-Simon Laplace (IPSL) (version CM5A-LR and CM6A-LR for ISIMIP2b and ISIMIP3b,
respectively; Boucher et al., 2020; Sepulchre et al., 2020). These ESM simulations forced the
FishMIP ensemble models for both ISIMIP simulation rounds (e.g.,, CMIP5 in Lotze et al,

2019; CMIP5 and CMIP6 in Tittensor et al., 2021).

Two global fishing catch datasets were initially considered to capture the variability and

biases from different data reconstruction methodologies. The first, from Watson & Tidd
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(2018), covers the historical period 1869-2017 and combines official reconstructed
estimates of fisheries catch data, including major discards, from the Food and Agriculture
Organisation (FAO) FishStat database along with other publicly available sources (Watson,
2019; Watson & Tidd, 2018; http://dx.doi.org/10.25959/5c522cadbea37). The second,
from the Sea Around Us Project (SAUP), covers the historical period 1950-2019, uses FAO-
reported landings, Regional Fisheries Management Organisations (RFMOs), expert
elicitation and other publicly available sources (Pauly & Zeller, 2016;

https://www.seaaroundus.org/data/#/search). However, at the global scale, the difference

between these two datasets is small, relative to the divergence between observations and
simulations (Figure 1). Therefore, we used only the Watson & Tidd (2018) reconstruction

to calculate model performance metrics.

4 Results

4.1 Global scale skill assessment

Globally averaged historical time series of simulated catches were strongly correlated with
Watson & Tidd observations for both EcoOcean and BOATS (Figure 1b, 1d). CMIP5-forced
correlations were lower for both models compared to CMIP6, (Table 2), especially for
BOATS-IPSL (R = 0.47). For CMIP6-forced simulations, correlation coefficients, R, ranged
between 0.92 and 0.98, with slightly higher values for BOATS than for EcoOcean (Table
3). Furthermore, bias was substantially lower in CMIP6-forced simulations compared to
CMIP5 (Figure 1a vs Figure 1c). Generally, there was greater bias in simulated absolute
values of catches compared to observations for BOATS than for EcoOcean across both
CMIP5- and 6-forced simulations when using GFDL-forcing (Table 2, Table 3). This result

was reversed when using IPSL-forcing, when EcoOcean simulated values showed greater
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302  bias. All simulations with EcoOcean generally underestimated catch, while BOATS-GFDL
303  strongly overestimated catch across CMIP5 and 6, whereas the bias of BOATS-IPSL was

304  smaller for both CMIP5 and CMIP6 (Figure 1).
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305

306 Figure 1. Modelled and observed global fishing catch time series. Reconstructed
307  observations from Watson & Tidd (2019) and SAUP (2016) and model projected catch for a)
308  CMIP5 from 1971-2005; and c) CMIP6 from 1950-2014. Scatterplot of Watson & Tidd (2019)
309 reconstructed observations vs model predicted catch for b) CMIP5-forced BOATS (top) and

310  EcoOcean (bottom); and d) CMIP6-forced BOATS (top) and EcoOcean (bottom).
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The calculated errors (AE, MAE and RMSE) confirm large discrepancies in the magnitude of
simulated and observed catches (Table 2, Table 3). In CMIP6-forced models, the negative
result for AE for BOATS-IPSL reflected that simulated catches were lower than
observations before ~1980 and higher after ~1990. This led to an AE result closer to zero
than other MEM simulations because positive and negative measures cancelled each other
out. With the exception of EcoOcean forced by IPSL, all CMIP6-forced models showed
improved results for AE, MAE and RMSE compared to CMIP5-forced models (Table 2, 3).
RMSE results for all CMIP6-forced models were higher than MAE results, potentially
indicating the presence of large outlier values in the simulated catches (Legates & McCabe

Jr., 1999).

Table 2. Global forecast skill metrics for fishing catch with CMIP5 forcing. Skill metric
performance for six skill metrics using Watson & Tidd (2019) observations: correlation (R), root
mean squared error (RMSE; g/m:), mean absolute error (MAE; g/m:), average error (AE; g/m:),
reliability index (RI) and modelling efficiency (MEF) for BOATS and EcoOcean models under both
ESM forcings. Results in bold are close to ideal results.

MEM-ESM

BOATS EcoOcean
SKkill Metric GFDL-ESM2M IPSL-CM5A-LR GFDL-ESM2M IPSL-CM5A-LR
R 0.84 047 0.83 0.86
RMSE 388,936,857 22,825,452 39,586,313 25,900,241
MAE 385,610,855 19,106,219 36,745,703 22,961,393
AE 385,610,855 19,106,219 -36,745,703 -21,598,979
RI 4.64 1.24 1.71 1.38

MEF -755.59 -1.61 -6.84 -2.36
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Table 3. Global skill metrics for fishing catch time series with CMIP6 historic forcing. Skill
metric performance for six skill metrics using Watson & Tidd (2019) observations: correlation (R),
root mean squared error (RMSE; g/m:), mean absolute error (MAE; g/m:), average error (AE; g/m:),
reliability index (RI) and modelling efficiency (MEF) for BOATS and EcoOcean models under both
ESM forcings. Results in bold are close to ideal results.

MEM-ESM

BOATS EcoOcean
Skill Metric GFDL-ESM4.1 IPSL-CM6A-LR GFDL-ESM4.1 IPSL-CM6A-LR
R 0.98 0.95 0.92 0.92
RMSE 65,832,789 20,832,218 17,865,414 26,094,844
MAE 54,295,280 17,874,215 14,633,816 23,209,098
AE 53,625,817 -4,835,888 -13,758,893 -23,181,291
RI 1.57 1.51 1.26 141
MEF -3.99 0.5 0.633 0.216

RI results showed that all CMIP6-forced models differed from fishing catch by between
1.26-1.57-fold on average compared to observations (Table 3). In contrast, for CMIP5
simulated catches, results differed by up to 4.64-fold (BOATS-IPSL) compared to the
observed data (Table 2). This highlighted important improvements in catch estimations
between CMIP5- and 6-forced models. In particular, BOATS_GFDL CMIP6-forced runs
showed the largest improvement, with an RI of 1.57 for BOATS-GFDL, compared to the
CMIP5-forced result of 4.64 (Table 2, 3). Historical catch simulated with CMIP6-IPSL-forced

results worsened slightly compared to CMIP5-IPSL-forced runs (Table 3).
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For all CMIP5-forced MEM and ESM combinations, modelling efficiency was less than zero,
meaning that the average of the observations is more skillful than the models’ estimates
over the historical period (Table 2). In contrast, modelling efficiency (MEF) was greater
than zero for CMIP6-forced BOATS-IPSL, EcoOcean-GFDL and EcoOcean-IPSL (Table 3)
indicating that the simulated catches match observed fishing catches more closely than the
average of the observations for these simulations. However, modelling efficiency remained
negative for CMIP6-forced BOATS-GFDL, albeit greatly improved from CMIP5 (-3.99 versus

-755.59) (Table 3).

Taylor diagrams for global catch from BOATS and EcoOcean summarise some of the
previous observations. They show an improvement in correlation and bias between CMIP5-
and CMIP6-forced simulations for both models however, BOATS-IPSL simulations show an

increase in standard deviation from CMIP5- to CMIP6-forced runs (Figure 2).
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Figure 2. Taylor Diagram for CMIP5 and CMIP6 simulations a) BOATS model predicted global
catch (from 1971-2005) for CMIP6 using ESM IPSL (light red) and GFDL (light blue), and CMIP5 ESM
IPSL (dark red) and GFDL (dark blue); and b) EcoOcean model predicted global catch (from 1971-

2005) for CMIP6 using ESM IPSL (light orange) and GFDL (light green), and CMIP5 ESM IPSL (dark
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orange) and GFDL (dark green). Plot shows standard deviation, correlation and centred root mean
squared error for all 4 MEM-ESM combinations. Watson & Tidd (2019) observed global catch

(between 1971-2005) in purple.

4.2 Large Marine Ecosystem scale assessment

Correlations between simulated catches and Watson & Tidd (2019) reconstructed
observed fishing catch varied across the LMESs, indicating differing levels of model
performance at the regional scale. For all CMIP5-forced models, the median correlation
(median across LME-levels) was near zero (Figure 3). Results from CMIP6-forced models
showed improvement in the median and interquartile range of correlation results
compared to CMIP5-forced models (Figure 3), indicating improved correlation at the LME

scale overall.

Geographically, this improvement in correlation from CMIP5 to CMIP6 was evident for both
BOATS and EcoOcean, but the degree of improvement (and where this occurs) differs
between ESM-forcings (Figure 4). For BOATS, there was an improvement in correlations in
CMIP6 compared to CMIP5 across 50 LMEs with both GFDL and IPSL forcing. Similarly, for
EcoOcean there was an improvement in correlations across 47 and 46 LMEs for GFDL and
IPSL, respectively (Table S3). BOATS showed marked improvements in highly productive
LMEs including in the Humboldt Current, Pacific Central-American Coast, Barents Sea,
North Brazil Shelf, Patagonian Shelf and Canary Current (Figure 4; Table S3). In contrast,
EcoOcean’s largest correlation improvements were more randomly dispersed across
European, east African and East South American LMEs (Figure 4; Table S3). Negative
correlations between observed and modelled catches persist across all simulations in polar

regions (Figure 4).
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Figure 3. Box plot of Large Marine Ecosystem (LME) level correlation. a) BOATS model
correlation compared to reconstructed observations from Watson & Tidd (2019). CMIP5-forced ESM
IPSL (dark red) and GFDL (dark blue), and CMIP6-forced ESM IPSL (light red) and GFDL (light blue);
b) EcoOcean model correlation compared to reconstructed observations from Watson & Tidd
(2019). CMIP5-forced ESM IPSL (dark orange) and GFDL (dark green), and CMIP6-forced ESM IPSL

(light orange) and GFDL (light green).
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Figure 4. Map of Pearson correlations across the world’s LMEs. BOATS and EcoOcean

predictions and reconstructed observations from Watson & Tidd (2019), using CMIP5 from 1971-2005

(a, ¢, e, g) and CMIP6 from 1950-2014 (b, d, f, h) ESM forcings.
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5 Discussion

Model skill assessment is essential for improving the credibility and reliability of Marine
Ecosystem Model (MEM) simulations and for supporting their use as decision-making tools.
Until now Fisheries and Marine Ecosystem Model Intercomparison Project (FishMIP)
models have generally been assessed in isolation. Here, we adapted and implemented a
standardised skill assessment framework to highlight commonalities and discrepancies
between modelled and observed historical fish catch and to investigate the usefulness of a

range of skill assessment metrics.

Agreement between simulated and observed catches across BOATS and EcoOcean, both in
catch time-series variability and absolute catches, is generally higher for CMIP6- than
CMIP5-forced models (Figure 1; Table 1, 2). These improvements may be due to changes in
the MEMs. For example, EcoOcean has recently undergone substantial restructuring and
the upgrades include an expanded food web from 1,400 to over 3,400 explicitly considered
individual species, updated functional group representation, and the use of observed
historical spatial ranges of species to initialise the model (Coll et al., 2020). This has
resulted in an improved understanding and representation of key ecological and fishing
dynamics. Between CMIP5 and CMIP6 BOATS’ biological formulation and parameters were
not changed. However, to improve the match with observed catches, starting effective
effort (which then increases through time with improving catchability) was calibrated to
align the model’s aggregated catch by LMEs with observational reconstructions from Sea

Around Us Project (SAUP; Pauly & Zeller, 2016).
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While these modifications and - in the case of EcoOcean - a reconsideration of model
assumptions, in line with Level 0 (conceptual) assessment, are likely substantial drivers of
each model’s better performance from CMIP5 to CMIP6, some of the improvement in
simulated fishing catches would reflect changes in the two Earth system models (ESMs)
that provided input-forcing data to the FishMIP models (Figure S1; Séférian et al., 2020;
Tittensor et al,, 2021). Across CMIP5 and CMIP6, both ESMs captured observed long-term
mean sea-surface temperature (a driver of both models) at the LME scale (Figure S1c, d).
Although both models were 0.2-1°C warmer in CMIP6 than CMIP5, they did not show much
improvement in resolving net primary production (NPP; a BOATS environmental forcing)
at the LME scale (Figure S1a, b). However, across both models, phytoplankton carbon (an
EcoOcean forcing) was lower in CMIP6 compared to CMIP5 (Figure S2), which may partly
explain why EcoOcean catch bias improved between the two simulations. Ultimately,
changes in both MEMs and updated ESM forcings likely contribute to improvements in
model skill. Disentangling these drivers would be a fruitful avenue of future research to

improve catch and biomass simulations from MEMs.

5.1 Reasons for bias in simulated catches

Bias in fish catch across models are likely driven by a range of factors. For instance, lower
trophic level (LTL) biomass and production from ESMs are major drivers of the projected
spatial distribution of fish biomass and fisheries catches (Chassot et al., 2010; Heneghan et
al., 2021; Kwiatkowski et al., 2020; Laufkotter et al., 2015; Stock et al.,, 2017; Tagliabue et
al., 2021). Thus, discrepancies between observed and modelled LTL variables at the LME
scale (Figure S1a, b) will have an impact on MEM fish biomass and therefore catches. In the

case of EcoOcean, the one-way forcing of phytoplankton biomass from ESM estimates
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potentially allows for bias in the estimation of higher trophic level (HTL) biomass,
compared to what could be supported by LTL in a two-way coupling. In the case of BOATS,
a single energy pathway connects NPP to the accumulation of commercially exploited fish
species, while in reality surface pelagic species and bottom living species rely on different
food chains, and experience different water temperatures (van Denderen et al., 2018). This
may lead to an overestimation of demersal biomass in BOATS, ultimately leading to excess
global catches (Guiet et al.,, 2024). Finally, internal climate variability within the ESMs used
here was not calibrated to observed variability. This means that seasonal and annual
climate patterns affecting simulated catches from the MEMs will not match observation

over these shorter time scales.

The ecological and fishing components of BOATS and EcoOcean, as with all MEMs, are
highly simplified representations of the real world that also differ between models. It is
important to note that catch reconstructions are also approximations of reality, subject to
numerous sources of bias and error. This necessarily results in discrepancies between
models, catch reconstructions and actual catches. For example, fishing in BOATS is here
determined by globally homogenous and historically constant economic factors, such as
constant fish price and fishing costs, and the development of fisheries in each grid cell is
driven by the assumption of a historical increase at a constant rate of the technology-
driven catchability of fish biomass, which turns initially unprofitable fishing grounds into
profitable ones that can be exploited. This assumption is completed with the assumption of
open, unregulated fishing access in the world’s oceans (Carozza et al,, 2016, 2017). These
simplifications can capture broad trends in catches at a global level (Galbraith et al., 2017;

Guiet et al., 2020), which show a steep increase until the mid-1990s and a later plateau or



462

463

464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

manuscript submitted to Earths Future

decline due to overexploitation of fish stocks, and in space a sequential shift of the
development of fisheries from cool and productive to warm and unproductive regions
(Pauly & Zeller, 2016; Watson & Tidd, 2018). However, they lack important dynamics,
which may restrict or change patterns in fishing effort and therefore catches in the real

world, particularly at the LME scale considered here.

Finally, other internal issues regarding the way key bio-ecological processes are
parameterised can lead to divergence between observed and modelled catch rates, as well
as the wide differences between BOATS and EcoOcean historical simulations. To identify
specific internal drivers of bias and errors, further experimental attribution simulations
would be necessary to separate the impact of individual ecological and fisheries
components within each model (Steenbeek et al., this issue). Such experimental studies
have already successfully identified key drivers of structural uncertainty in the FishMIP
ensemble (Heneghan et al., 2021), and biogeochemical modelling community (Laufkotter et

al, 2015).

5.2 Evaluation of metrics for marine model assessment

Our case study highlights how the use of multiple metrics is necessary to obtain a multi-
faceted perspective of the credibility and reliability of model projections. While summary
statistics correlation (R), reliability index (RI) and modelling efficiency (MEF) provide
quick and useful information about model credibility, allow comparison between models or
regions, and are generally easy to interpret, some important information about the
ecosystem is necessarily lost as these metrics reduce the time-series into a single datum

(Bennett et al., 2013; Stow et al., 2009). In addition, these metrics do not assess the ability
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of the models to capture observed geographical patterns in catches, with this shortcoming
highlighting the need for spatial skill assessment tools, such as pattern correlation tools, to

be developed and applied in parallel.

Providing too many metrics that measure the same aspect of model skill may instil false
confidence in model assessment by unnecessarily replicating the same result (Olsen et al.,
2016). Root mean squared error (RMSE), mean absolute error (MAE) and average error
(AE) are all slightly different ways of calculating the same measure - the magnitude of the
bias between model simulations and observations. Therefore, it is not necessary to use all
three bias metrics moving forward (AE, MAE, RMSE). As AE can be affected by positive and
negative discrepancies cancelling each other out, and as RMSE is more sensitive to outliers
than MAE, we recommend that MAE be the primary metric used to measure bias. On the
other hand, evaluating too few metrics, or metrics that only explore one component of
model performance can also instil false confidence. For instance, in previous FishMIP
syntheses, model outputs were normalised to show only relative changes (Heneghan et al.,
2021; Lotze et al,, 2019; Tittensor et al.,, 2021). Normalisation made it possible to generate
a more consistent picture of climate change impacts on marine animal biomass, but may
have given a false impression of model agreement since it omitted information on
discrepancies in absolute biomass across models. Therefore, we argue that it is essential for
metrics exploring both absolute and normalised quantities, as used in this case study, to be

deployed when assessing MEM performance.
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5.3 Future Research
This paper sets out the features of the CSPS framework and conducts a Level 1 skill
assessment for two models within the FishMIP ensemble, on simulated catch. We finish by

discussing how this process can continue to be improved.

Although 9 global MEMs contribute to the FishMIP ensemble, fisheries catch simulations
from only two FishMIP models were available for this assessment. However, we expect that
other global and regional models will provide catch outputs as part of the current round of
simulations (Blanchard et al., 2024; Frieler et al,, 2024) and of ongoing FishMIP efforts to
design and implement socioeconomic scenarios that consistently simulate fisheries catch

across ecosystem models (Blanchard et al., 2024; Maury et al,, this issue).

Individual FishMIP models provide a range of integrated outputs besides total catches
analysed here, including catches by functional group (i.e., demersal and pelagic) and by size
class (e.g., small, medium and large) (Carozza et al., 2016; Cheung et al., 2011; Coll et al,,
2020; Maury, 2010; Maury & Poggiale, 2013; Petrik et al., 2019). The analysis of these
outputs can add to the model performance picture and can provide insights into modelled
ecosystem structure and function. For example, the collapse of large target species and the
increase of smaller species due to predation release (Blanchard et al., 2012; Christensen et
al., 2014) can drive fisheries catch, but this process is hidden when considering aggregated
biomass and catch outputs. Analysis of these existing outputs is an important next step for
FishMIP, and forms part of Level 2 (process) and Level 3 (system) assessment in the CSPS
framework (Hipsey et al., 2020). Looking ahead, assessing emergent and system-level

relationships between ESM variables and MEM output, or between the internal state
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variables within the MEMSs, also offer considerable potential for enhancing Level 2 and
Level 3 assessments of MEM performance (Novaglio et al, this issue). Ultimately, an
extensive Level 2 and 3 assessment of the FishMIP ensemble will require models to provide
outputs that are not currently part of the CMIP and FishMIP protocols, including primary
and secondary production rates, biodiversity turnover, trophic transfer rates or growth
rates. Eliciting this information in future simulation protocols is therefore critical, since it
will provide scope for in-depth assessment of modelled processes across the FishMIP

ensemble.

The current simulation round of FishMIP is focussed on “Detection, Attribution &
Evaluation” (ISIMIP3a, www.fishmip.org), and therefore aims to tackle issues such as
resolution, coastal processes, and standardisation of fishing inputs across models. To that
end, finer scale inputs from ESMs may help the performance of MEMs at the regional scale.
There also exists the opportunity to use FishMIP simulations coupled to ESM models forced
by reanalysis data (Blanchard et al, 2024) which are constrained by observational
products of atmospheric drivers, to calibrate MEMs, or to conduct post-hoc correction of
FishMIP outputs (Gomara et al., 2021; Maury et al,, this issue). Unlike fully-coupled ESM
historical simulations, ocean-only reanalysis-based simulations would have climate
oscillations like ENSO cycles occurring at the correct times in history, and thus would

hopefully produce more skillful comparisons of time series (e.g. Barrier et al., 2023).

6 Conclusions
Performing model skill assessment on complex end-to-end ecosystem models is an

essential, yet challenging task, and there is still considerable progress to be made before
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model simulations replicate historical observations. MEMs play an important role in
developing our understanding of climate change impacts on future fisheries catches and
marine ecosystems, and how that might affect global food security (Blanchard et al., 2012,
2017; Booth et al., 2017; Cheung et al,, 2010; Cinner et al.,, 2022; Hollowed et al., 2013).
Rigorous ensemble model skill assessment increases confidence in using MEM projections

to inform policy, as well as identifying priority areas for future model improvement.

Overall, this case study showed that global fishery catch estimates are well correlated with
observed trends over time, but both models show important scale mismatches that require
further attention. This exercise provides useful information on the performance of two
global models contributing to FishMIP and can be further used to drive model development
to improve the reliability of climate impact projections, as well as applied more broadly
across the whole suite of FishMIP models to enhance the utility of FishMIP as a whole. We
finish with a set of summary recommendations for how FishMIP (and other ensemble
model projects) could better integrate model ensemble Level 0-3 skill assessment for

future simulation protocols:

1. Level 0: A comprehensive understanding of the underlying assumptions and
parameterisations across the model ensemble is essential to understand why MEMs
agree or disagree under different conditions. Future protocols targeted at
disentangling sources of structural uncertainty across the FishMIP ensemble would
concretely improve our understanding of why MEMs behave the way they do. This
also includes simulation studies focussed on improving our understanding of the

linkages and dependencies between MEMs and the ESMs that force them.
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2. Level 1: FishMIP should move beyond exploring only relative change in simulated
variables across the model ensemble, to assessing absolute change and variability.
This will require using assessment metrics that capture model bias, such as MAE, R],
or MEF.

3. Level 2 and 3: To properly assess the processes and emergent properties of
ensemble MEMSs, future simulation protocols must require modellers to provide
more than just aggregate biomass or catch. At the same time, data products on
emergent ecosystem properties such as biomass size-spectra need to be assembled

at spatial and temporal resolutions appropriate for comparison with global MEMs.

The CSPS framework provides a solid basis for standardising skill assessment for FishMIP,
to which other metrics (e.g., size-based metrics) could be added. The hierarchical structure
and focus of each level act as clear guidelines to measure the predictive validity of MEMs.
These initial results show that, although we are yet to fully assess the current ensemble of

global marine models, we have the tools and knowledge to tackle this task.
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Open Research

All outputs from the FishMIP ensemble are available at

www.isimip.org/gettingstarted /data-access/. This includes outputs used for the two

models presented in this study, except for EcoOcean outputs from ISIMIP3b (available
here: 10.5281/zenodo.11081600).
The global fishing catch datasets used for observations are available at

http://dx.doi.org/10.25959/5c522cadbea37 for Watson & Tidd (2018). The Sea Around

Us Project dataset is available here: https://www.seaaroundus.org/data/#/search).

A repository for all R code used to create data visualisations is available on Github here:

https://github.com/nina-rynne/FishMIP-modelsKkill.
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