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1  Introduction

Biodiversity is crucial for a healthy biosphere in view of the 
different functional roles’ species perform and the ecosys-
tem stability they can attain (IPBES 2019). However, bio-
sphere integrity is one of the six planetary boundaries that 
had been transgressed in the Anthropocene (Richardson et 
al. 2023). In this context, the current extinction rate has been 
estimated to be 100–1,000 times the natural background rate 
(Cowie et al. 2022), with the number of threatened species 
reaching 46,337 in 2024 (IUCN 2024).
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Abstract
Purpose  Biodiversity impacts of the Peruvian fisheries, strongly influenced by El Niño-Southern Oscillation (ENSO), are 
not fully covered by current life cycle impact assessment (LCIA) models. While the recently developed Fisheries Impact 
Pathway (FIP) accounts for the impacts of marine biotic resource depletion, key methodological challenges, such as tem-
porality, critical for impact assessment in dynamic fisheries, remain unattended. In the current study, we aim to develop 
characterization factors (CFs) for 10 relevant Peruvian fishing stocks, including Peruvian anchoveta, using an enhanced FIP 
framework.
Methods  The methodological framework includes 1) optimization of CMSY++ performance using an exhaustive statistical 
analysis, to provide reliable estimates for subsequent CF calculations; 2) calculation of CF time series under an Exclusive 
Economic Zone (EEZ) approach; and, 3) statistical evaluation of enhanced CFs comprising typical uncertainty and sensitiv-
ity analyses, along with other tests addressing ecological soundness and stock management; and, 4). application of CFs in 
case studies to quantify biodiversity impacts from fishing for direct and indirect human consumption.
Results and discussion  Enhanced CFs deviate up to 4 orders of magnitude from previously reported values, usually showing 
lower values. These CFs also exhibit weak-moderate statistical correlation with typical ENSO indices, with sea level anoma-
lies showing the strongest relationship. Furthermore, case studies framed in the Peruvian EEZ confirm the relevance of the 
enhanced CFs, unveiling significant differences in fishing impacts of stocks destined to direct human consumption during 
years with El Niño and La Niña events, and additional LCIA impacts, ranging from 0.1% to 61% in fishmeal and fish oil 
production among plants of a major producer, during years 2019 and 2021. Together, these findings suggest that addressing 
temporality is critical to refine LCA results, especially in systems with highly dynamic parameters.
Conclusions and recommendations  The enhanced CF time series more accurately represents stock population dynamics, 
under fluctuating climatic stressors and management regimes, than the original FIP method. Thus, our method responds to 
the call of international LCA guidelines for regionalized and temporally explicit impact assessment. We recommend using 
these CFs to assess biotic resource depletion in Peruvian seafood and aquaculture systems, and extending our methodology 
to other EEZs affected by similar ecosystem dynamics and fishing pressure.
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Food systems, through their production, distribution and 
consumption patterns, are considered the main cause of this 
biodiversity decline given the chemicals, energy, land and 
water use, and unsustainable practices employed (Benton et 
al. 2021). Among these systems, seafood is attracting atten-
tion as its nutritional profile can be exploited to improve 
food security and because it contributes to local and national 
economies, especially in coastal regions. Seafood value 
chains rely on wild capture fisheries and aquaculture. In 
2022, global captures amounted to 91 million tonnes, and, 
for the first time, these were surpassed by aquaculture pro-
duction, 94 million tonnes (FAO 2024), revealing the impor-
tance of inputs such as fishmeal and fish oil (FMFO) to meet 
the requirements of this growing sector. Despite this transi-
tion in seafood production, over 37% of the 442 stocks ana-
lyzed remain unsustainably exploited (FAO 2024). These 
factors, along with the fact that many coastal communities 
rely on small-scale fisheries and that aquafeed mainly arrive 
from the ocean (Farmery et al. 2022) indicate that fisher-
ies biodiversity impacts cannot be disregarded and require 
urgent attention, particularly in prominent fishing nations 
like Peru (Deville et al. 2025).

1.1  Peruvian fisheries: challenges regarding biotic 
resource depletion

Peru is one of the most important fishing nations globally 
(Majluf et al. 2024), with important fisheries within its 
exclusive economic zone (EEZ), especially Peruvian ancho-
veta (Engraulis ringens), which is the largest fishery world-
wide by volume (Gozzer-Wuest et al. 2021). Industrial and 
artisanal fleets target this species, and landings are almost 
exclusively reduced to produce FMFO, an important ingre-
dient for aquafeed (PRODUCE 2024), with only a minor 
fraction of catch directed to direct human consumption – 
DHC (De La Puente et al. 2020). In recent decades, ca. 95% 
of landed anchoveta has been directed to FMFO produc-
tion (PRODUCE 2024), consistently supplying 15–20% of 
global FMFO (EUMOFA 2021). Peruvian fishmeal (FM) is 
mainly exported to Asia (Coayla et al. 2023), whereas much 
of the fish oil (FO) is exported to countries such as China, 
United States, Chile, or Norway (PRODUCE 2024).

Despite the prominence of the anchoveta fishery, other 
species are exploited in the Peruvian EEZ and destined 
mainly for DHC, contributing to ca. 20% of annual land-
ings and yielding 2600 million US$ in exports revenue in 
2023 alone (PRODUCE 2024). These species include sev-
eral pelagic species, such as jack mackerel (Trachurus mur-
phyi), bonito (Sarda chiliensis) or chub mackerel (Scomber 
japonicus), hake (Merluccius gayi), which is an important 
demersal species caught by midwater trawling (PRODUCE 
2024), jumbo squid (Dosidicus gigas), and calico scallop 

(Argopecten purpuratus) (Sánchez Durand and Gallo Semi-
nario 2009). These species represent an important fraction 
of the economic revenue of the Peruvian fishing industry, 
with the contribution of jumbo squid in a similar range to 
that of anchoveta (Christensen et al. 2014).

Species population is a key variable to measure when 
aiming to systematically assess biological diversity loss in 
a given environmental compartment (Jetz et al. 2019). The 
seasonal fluctuation of climatic conditions in the Peruvian 
marine system, the growing fishing pressure by industrial 
and artisanal fleets, and the regulation through quota sys-
tems are critical factors that affect stock abundance in the 
Peruvian EEZ. Although Peruvian upwelling supports high 
productivity (Mogollón & Callil 2017), positive temperature 
shifts caused by El Niño phenomena trigger fluctuations in 
abundance of Peruvian anchoveta, and other commercial 
stock populations (Alheit and Niquen 2004; Chavez et al. 
2003), as illustrated in Fig. 1. The effect El Niño has on 
stock abundance and landed catch depends on its condi-
tions and types (Bertrand et al. 2020). Extreme and Eastern 
Pacific El Niño events drive pelagic species to evade warm 
currents typical of northern Peruvian by moving closer to 
the shore, delaying their biomass recovery (Bertrand et al. 
2020). Under Central Pacific and moderate El Niño condi-
tions, negative effects on most pelagic species biology are 
observed, except for sardine (Cárdenas 2009). Demersal 
species like hake are drawn closer to the coast but driven 
by higher oxygen concentrations (Chavez et al. 2008). 
Regarding invertebrates, the abundance of jumbo squid is 
negatively affected by prey availability rather than the sea 
surface temperature typical of El Niño and La Niña events 
(Argüelles et al. 2008; Waluda et al. 2006).

Growing fishing pressure in Peru’s EEZ can be illus-
trated by two historic episodes of biodiversity decline in the 
anchoveta stock. The Peruvian FMFO industry started in 
the 1950s and expanded rapidly, contributing to economic 
growth (Wintersteen 2021). Therefore, El Niño Southern 
Oscillation (ENSO), together with unregulated overfish-
ing, led the industry to collapse in 1972 (Alheit and Niquen 
2004), taking decades for the stock to recover a healthy 
state. While a similar event occurred in 1998, new enforced 
quota systems based not only on economic yield but in real 
stock status have allowed the anchoveta stock to remain 
relatively healthy (Wintersteen 2021). In fact, the amount of 
anchoveta that can be captured seasonally is dictated by the 
government, following the advice of the Peruvian Marine 
Institute (IMARPE). An individual quota system has been 
established for the industrial fleet since 2009 (2008). There-
after, in 2017, a total allowable catch limit was also set for 
the artisanal fleet (2017). An important feature stated in this 
latter document is linked with the allowed redirection of dis-
cards from the artisanal fleet that do not comply with human 
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consumption standards towards FMFO production. Strate-
gies to attain sustainability in the management of Peruvian 
fisheries include IMARPE scientific advice, regulatory 
frameworks addressing fishing quotas, total allowable 
catch and fishing gears (Arias-Schreiber 2012). Regardless 
negative repercussions of overexploitation on marine bio-
diversity (Jaureguiberry et al. 2022), sustainability of the 
anchoveta stock has been maintained over time thanks to 
precautionary and adaptive fishing management (Castillo et 
al. 2025).

This evidence demonstrates that the Peruvian anchoveta 
fishery, along with other nationally managed commercial 
fish species (e.g., giant squid or chub mackerel), is highly 
influenced by fishing pressure, management policies and the 
climatic fluctuations related to the pseudo-cyclical behav-
ior of the ENSO phenomenon (Bertrand et al. 2020). This 
behavior implies that far from showing a dichotomous pat-
tern, ENSO effects are highly variable in terms of intensity 
and length, and, therefore, the effects on marine biota and, 
more specifically, commercial fishing species, are highly 
variable across historical time series. Therefore, we argue 
that these considerations highlight the need under certain 
circumstances of computing EEZ-oriented approaches to 
develop a time series of CFs accounting for fish stock deple-
tion within a comprehensive impact assessment framework.

1.2  Life cycle assessment: a comprehensive 
approach to measure biodiversity loss from marine 
biotic resources depletion

Life Cycle Assessment (LCA) has emerged as a standard-
ized approach to evaluate the environmental footprint along 
the life cycle of products or goods (ISO 2006) through 
the aggregation of elementary flows in impact categories 
(Valente et al. 2024), including, among others, biodiversity 
impacts (Hellweg et al. 2023; Marques et al. 2017).

A detailed review of recent LCA indicators for biodi-
versity loss revealed that a limited number of life cycle 
impact assessment (LCIA) methods incorporates sufficient 
marine ecosystem metrics as impact categories (Berg-
man et al. 2025), and even fewer account for exploitation 
of marine resources (Damiani et al. 2023). For instance, 
ReCiPe (Huijbregts et al. 2017) only includes two impact 
categories within the ecosystem quality area of protec-
tion (AoP) that represent an impact pathway related to the 
marine environment (i.e., marine eutrophication and marine 
ecotoxicity), denoting a problem when aiming at identify-
ing the direct impacts and damages on marine biodiversity 
(Bergman et al. 2025). The past few years, however, have 
been relatively prolific in terms of new models to character-
ize marine-related environmental impacts (Bergman et al. 
2025), although their use in LCA case studies or their avail-
ability in broader assessment methods is still limited. Meth-
ods in these categories aim at refining the assessment of 

Fig. 1  Biomass (solid lines with data points) and reconstructed catch 
(colored area), in tonnes, for nine commercially relevant species 
within the Peruvian Exclusive Economic Zone – EEZ (log scale). To 
facilitate analysis of fluctuation over time, red and blue shadings indi-

cate months when moderate to extreme El Niño events and moder-
ate to extreme La Niña events occurred, respectively (Takahashi et al. 
2014). Biomass was obtained from IMARPE (2024a) and catch from 
sea Around Us project (Pauly et al. 2020)
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by the series of publications that led to a final method by 
Stanford-Clark and colleagues (2024), we have identified 
a series of methodological aspects that could be included 
within the framework to account for temporal, geographi-
cal and statistical considerations in fisheries management. 
Firstly, the original FIP method does not reflect in-depth 
time-dependent variability of fish stocks, although it does 
recommend the use of a moving average based on several 
years and regular updates (Stanford-Clark et al. 2024). 
Peruvian stocks are driven by climatic temporal fluctuations 
linked to the pseudo-cyclical ENSO phenomenon (Bertrand 
et al. 2020), suggesting that static CFs may significantly 
misrepresent LCA impacts on marine biota. Even though 
dynamic CFs (here denoting time differentiated CFs or 
annual CFs) for other impact categories exist (Beloin-Saint-
Pierre et al. 2016; Levasseur et al. 2016), fisheries currently 
lack robust dynamic CFs for assessing impacts on marine 
biodiversity (Emanuelsson et al. 2014; Langlois et al. 2014).

Secondly, the original FIP method employs large FAO 
fishing areas suitable for global consistent assessment, 
neglecting national management regimes (Stanford-Clark et 
al. 2024). Analysis at an EEZ level would better capture dis-
tinct fishery policies, particularly for transboundary stocks 
where competitive access compromise stock populations 
(Liu and Molina 2021; Østhagen et al. 2020). This spatial 
resolution refinement could be interpreted as regionalization 
within the marine environment, which remains a challenge 
for the LCA community (Pfister et al. 2020).

Thirdly, while the statistical analysis of the CMSY++ 
algorithm addresses convergence, residual and prior-to-
posterior analyses, model performance can be further 
explored to include a wider number of criteria to provide 
more reliable estimates, therefore improving CF certainty. 
These include retrospective pattern analysis, which reveals 
differences between catch-only and data-rich models (Wang 
et al. 2025); hindcasting analysis, that enables examination 
of model consistency relative to observed abundance data 
(Derhy et al. 2024); biological plausibility analysis, which 
uses biological knowledge to judge final model estimations 
credibility (Bouch et al. 2021); and jittering analysis, detect-
ing optimal input parameter combinations (Cai et al. 2023). 
In addition, optimized model performance can be achieved 
when abundance indices are included in modeling (Zhai et 
al. 2020), a procedure not implemented in Stanford-Clark 
et al. (2024).

Therefore, in this study we revisit the FIP method on 
overexploitation of wild-capture fisheries with the aim of 
providing enhanced endpoint level CF temporal series 
for relevant Peruvian fishing stocks, including anchoveta, 
within the national EEZ. Based on this general objective, 
we intend to respond whether a higher level of granular-
ity in these CFs from a spatial, temporal and statistical 

biodiversity loss in the marine environment, such as biotic 
resource depletion (Hélias et al. 2023; Bach et al. 2022), 
seabed damage (Woods & Verones 2019; Préat et al. 2021), 
invasive species (Verones et al. 2023) and plastic emissions 
to the ocean (Corella-Puertas et al. 2023; Hajjar et al. 2024).

The extraction of biotic resources from the ocean through 
fishing activities is the fishery-specific category that has 
evolved the most in recent years, as overfishing has been 
considered the major driver of biodiversity loss in aquatic 
ecosystems (Hald-Mortensen 2023). Most of the models in 
this category are based on stock assessments (see Table 1), 
which require parameters such as catch, biomass, intrinsic 
population growth, carrying capacity, or maximum sustain-
able yield - MSY (Brown et al. 2025). These data are com-
monly obtained from the stock status assessments conducted 
by regional or national fishing authorities to monitor the 
sustainable management of specific fisheries (Costello et al. 
2016). Other models estimate free net primary production 
that represent the amount of carbon equivalents removed 
that will not be available to the biochemical processes in the 
ecosystem (Langlois et al. 2014, 2015). Models based on 
distance-to-target (Bach et al. 2022) and distance-to-nature 
(Farmery et al. 2017) assess proximity to specific science- 
or policy-related targets and pristine conditions.

Among the models shown in Table 1, the Fisheries 
Impact Pathway (FIP) can be considered as one of the 
most advanced within the metrics relying on stock assess-
ments (Brown et al., 2025), given its ability to account for 
fish stock population dynamics, its global applicability and 
stock-level granularity, and the use of the broadly accepted 
potentially disappeared fraction of species (PDF) of spe-
cies as an endpoint unit (Stanford-Clark et al. 2024). With 
endpoint CFs for more than 5000 stocks distributed in FAO 
major fishing areas worldwide, it represents one of the most 
recent refinements of a series of studies (Hélias et al. 2018, 
2023). These CFs are available at regional and global scales, 
accounting for the effects of discarding unwanted by-catch. 
The authors used the open-source algorithm CMSY+, 
an updated version of the code presented by Froese et al. 
(2017), to overcome lack of data in stocks from fisheries 
with limited available information. As of late 2024, and for 
the first time, an indicator that quantifies impacts of fish 
extraction from wild-capture fisheries (i.e., Stanford-Clark 
et al. 2024) was included in a holistic multi-impact category 
assessment method, Impact World+ v2.1 (CIRAIG 2023).

1.3  Current research needs addressing temporal 
dynamics in fisheries impact pathway (FIP) LCA 
method

Despite the step forward in aligning LCA impact pathways 
for the overexploitation of wild-capture fisheries provided 
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temporal series (2007–2023) for anchoveta, jack mackerel, 
chub mackerel, bonito, hake, common dolphinfish, skip-
jack tuna, jumbo squid and calico scallop, all of them in 
the Peruvian EEZ; (3) conduct enhanced CF temporal series 

perspective affects environmental impact of fishing stock 
removal and subsequent LCA results. For this, our specific 
objectives are to (1) optimize stock assessment modeling 
using comprehensive statistical criteria; (2) calculate CF 

Table 1  Fishery-specific Life cycle impact assessment (LCIA) models within biotic resource use impact category. CF= characterization factor.
LCIA model Assessment Characterization factor Units Midpoint/Endpoint Fish stocks 

assessed
References

Lost Potential 
Yield

Stock 
assessment

Lost Potential Yield (LPY) kg lost yield ‧ 
kg−1

catch

Midpoint 31 stocks Emanuels-
son et al. 
(2014)Overfishing through fishing mortality 

(OF)
kg fished in excess 
‧ kg−1

sustainable catch

Midpoint

Overfishedness of biomass (OB) kg biomass in excess 
‧ kg−1

remaining biomass

Midpoint

Depleted 
Stock Fraction

Stock 
assessment

Depleted Stock Fraction (DSF) t−1 Midpoint 4093 FAO stocks, 
2065 species, 50 
ISSCAAP group 
of species in 26 
FAO major fishing 
areas

Hélias et al. 
(2018)

[Ecosystem quality endpoint CF] Species ‧ year ‧ 
kg−1

catch

Endpoint 5000 stocks from 
40 FAO major 
fishing areas

Hélias et al. 
(2023)
Stanford-
Clark et al. 
(2024)

[Ecosystem quality endpoint CF] PDFreg ‧ year ‧ 
kg−1

catch

Endpoint

[Ecosystem quality endpoint CF] PDFglo ‧ year ‧ 
kg−1

catch

Endpoint

Ecologi-
cal Scarcity 
Method

Distance-
to-target 
assessment

Depleted Stock Fraction Eco-points ‧ kg−1 Single score 
(ecopoints)

150 stocks from 
15 FAO fishing 
areas

Frisch-
knecht et al. 
(2021)

Distance-
to-target 
approach

Distance-
to-target 
assessment

Stock in the sea (SIS) Eco-points ‧ t−1 Single score 
(ecopoints)

10 species/stocks 
from 5 FAO fish-
ing areas

Bach et al. 
(2022)

Fish manager (FM) Eco-points ‧ t−1 Single score 
(ecopoints)

Target pressure (TP) Eco-points ‧ t−1 Single score 
(ecopoints)

Production based
regional
midpoint
approach (RMA)

Eco-points ‧ t−1 Single score 
(ecopoints)

Consumption based
regional
midpoint
approach (RMA)

Eco-points ‧ t−1 Single score 
(ecopoints)

Biotic Natural 
Resources 
(BNR) impact 
assessment

Distance-
to-target 
assessment 
at species 
level

Biotic-resource extraction impact
assessment at the species level

year ‧ t−1
wet weight Midpoint 69 sustainably 

fished stocks and 
58 overexploited 
stocks distributed 
in 88 marine 
provinces

Langlois et 
al. (2014)

Productivity 
assessment 
at ecosys-
tem level

Biotic-resource depletion impact
assessment at the ecosystem level

year ‧ t−1
wet weight Midpoint

Sea use impact 
assessment

Productivity 
assessment

Biotic Natural Resource Depletion 
(BNRD)

kg C-eq ‧ 
kg−1

catch

Midpoint 34 groups of spe-
cies distributed in 
5 ecosystems

Langlois et 
al. (2015)

Naturalness 
Degradation 
Indicator 
(NDI)

Distance 
to nature 
assessment

Naturalness Degradation Indicator 
(NDI)

m2 ‧ kg−1
catch Midpoint Northern Australia 

prawn fishery
Farmery et 
al. (2017)
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required time series of sea surface temperature (SST) anom-
alies (SIOFEN 2025), as well as time series on atmospheric 
pressure, eastward sea water velocity, northward sea water 
velocity, sea level, salinity, dissolved oxygen, nitrate, phos-
phate, chlorophyll, phytoplankton, and net primary produc-
tivity (NPP) (Copernicus 2025).

For the DHC case study, landings data were used to cal-
culate environmental impacts (IMARPE 2024a). Energy and 
protein content were obtained from national food composi-
tion tables (INS 2023), Avadí et al. (2014), technical sheets 
(ITP 2007), product information (Exalmar 2025) and other 
sources (Fitia 2025). Annual DHC production was obtained 
from IMARPE (2024a), PRODUCE (2024) and wholesale 
fish markets data (PRODUCE 2025). All primary data for 
this first case study are found in Table S3. For the FMFO 
case study, landed catch, FMFO outputs and allocation data 
were sourced from Deville et al. (2025).

2.2  Assessment conducted by CMSY++ package

The quantification of CFs relies on key fisheries biologi-
cal parameters such as biomass, maximum intrinsic rate of 
population increase, and carrying capacity (Stanford-Clark 
et al. 2024). To estimate these parameters, we used the 
CMSY package, an R-based algorithm that applies Monte 
Carlo simulations to model fish population dynamics (Fro-
ese et al. 2017). The CMSY package is especially useful 
for data-deficient fisheries, as some fisheries still depend 
on mathematical models rather than direct methods like 
hydroacoustic surveys due to economic constraints (Fro-
ese et al. 2017). Two methods can be applied when using 
the CMSY algorithm. While the first method, Catch-MSY 
(CMSY), uses only stock captures to estimate fisheries ref-
erence points, the second one, the Bayesian Schafer Model 
(BSM), uses abundances indices (e.g., biomass and catch 
per unit of effort, CPUE) in addition to catch for the same 
purpose. In this study, we used the updated version of the 
CMSY package, called CMSY++ (Froese et al. 2023) apply-
ing both methods to estimate biomass, maximum intrinsic 
rate of population increase, and carrying capacity.

2.2.1  Data preparation

Prior to the CMSY++ modeling, data curation was carried 
out to complete, when possible, missing values for biomass 
and catches of the stocks. Regarding biomass, jumbo squid 
presented two missing values (i.e., years 2017 and 2023). 
The biomass of 2017 was interpolated using 2018 and 2019 
values. For 2023 we retained the same number of specimens 
from the 2020 assessment (IMARPE 2023). However, the 
average weight of individual squids decreased from 5.81 kg 
in 2020 (IMARPE 2021) to 4.97 kg in 2023 (IMARPE 

statistical evaluation including uncertainty, sensitivity, cor-
relation with typical ENSO ecological indicators and hierar-
chical clustering analyses; and (4) apply the dynamic CFs in 
representative LCA case studies to quantify how interannual 
stock variability affect biotic resource depletion impacts. 
It is expected that this methodological framework will 
allow fishery scientists and managers to compute fisheries 
and aquafeed environmental impacts for the novel biotic 
resource depletion LCA category for Peruvian case studies 
in different years and provide guidance for CF calculation in 
other EEZs with fluctuating stock population.

2  Methods

The methodological framework is organized in five sections. 
Firstly, we detailed data requirements for the enhancement 
(Sect. 2.1). Secondly, we optimized the CMSY++ package 
performance, employed in the original FIP model, to guar-
antee the reliability of its estimates used in subsequent CF 
calculations (Sect. 2.2). Thirdly, we used optimal modeled 
parameters as inputs to calculate enhanced CF time series 
that integrate stock abundance and catch annual fluctuations 
driven by climatic events, fishing pressure and national 
policy interventions (Sect. 2.3). In a fourth step, the result-
ing CF time series were subjected to statistical evaluation 
addressing uncertainty and sensitivity, along with further 
correlation and hierarchical clustering analyses to obtain 
valuable information concerning the ecological meaning of 
the CFs (Sect. 2.4). Finally, we explore the practical impli-
cations of these novel CFs applying them to a real-world 
case study, at both national and company scales in Peru dur-
ing years with and without El Niño phenomena to evaluate 
changes of impacts on marine biodiversity (Sect. 2.5).

2.1  Data collection

Annual data on catch and biomass for the nine species 
assessed were gathered from the Sea Around Us project 
(Pauly et al. 2020) and through online query (IMARPE 
2024a). For CMSY++ performance assessment, reference 
parameters of population increase rate (r), carrying capacity 
(K), MSY, biomass and fishing mortality at MSY (BMSY and 
FMSY) were sourced from IMARPE (2024a). In the absence 
of confidence intervals for these parameters, lower and 
upper bounds were set at 50 and 150% of their reported val-
ues. More details on the information provided by IMARPE 
are found in Table S1–S2 in the Supporting Material (SM).

Calculation of enhanced CFs used the total number of 
marine species of 247,410 (WoRMS Editorial Board 2025) 
and Peruvian EEZ shapefiles (Flanders Marine Institute 
2023). Statistical correlation for ecological validation 
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increase, r, for a given stock were set in a way that included 
all previous ranges documented for fish stocks in Fishbase 
(Froese and Pauly 2024) and mollusk stocks in SeaLifeBase 
(Palomares and Pauly 2024) (see Table S5 in the SM). The 
CMSY++ algorithm from Froese et al. (2023) was adapted 
using Rstudio (R Core Team 2023) to save relevant infor-
mation, such as B, F, B/K, MSY, B/BMSY, and F/FMSY ratios 
from posterior distributions.

2.2.3  Analysis of CMSY++ outcomes with statistical criteria

Since stock assessments determine biological reference 
points relevant for fisheries management (Punt et al. 2023), 
errors in fisheries modeling can lead to severe consequences 
in marine biodiversity (Carvalho et al. 2021). Thus, rigor-
ous statistical criteria are crucial to avoid inaccuracies and 
ensure model and stock status reliability. Hence, once the 
algorithm was run under our established conditions, the 
modeling outcomes were subjected to diagnostic tools (Table 
3) to evaluate the feasibility of the model and to select the 
best fit based on standards from Carvalho et al. (2021) and 
Kokkalis et al. (2024). The criteria proposed allow the mod-
eling process to find optimized estimates (i.e., convergence) 
near the observed values (residual analysis), while including 
prior knowledge and data (prior to posterior analysis). They 
also identify the risk of finding inconsistencies relative to 
the values observed (retrospective analysis) as well as to 
naive predictions (hindcasting analysis). In addition, one 
key criterion of the diagnosis toolbox proposed (biological 
meaning) is linked to the biological implications of the fish-
eries reference points estimated by the assessment. Within 
each criterion, we set metrics (some of which were statisti-
cal tests) to assess model performance using an acceptance 
threshold suggested by Kokkalis et al. (2024). The number 
of accepted tests originated a percentage of compliance for 
each criterion. The model with a higher number of accepted 
tests (i.e., the model with 100% compliance) was selected to 
be the optimal model for the stock assessed. In the event of 
a tie, we selected the model with r, K, MSY, BMSY and FMSY 
parameters closer to values reported in literature by inspect-
ing the biological meaning criterion.

2.3  Calculation of temporal series for enhanced 
characterization factors - CFs

The FIP model stands out for its scientific robustness 
because it includes the fraction of stock removed from the 
ocean as an effect factor (Hélias et al. 2018) multiplied by 
a fate factor that includes the proportion of current biomass 
to a pristine-condition biomass, and the intrinsic growth 
rate of the stock (Hélias et al. 2023). Stanford-Clark et al. 
(2024) suggest that a continuing recalculation of their CFs 

2024b), resulting in lower biomass estimate for 2023. Thus, 
we calculated the biomass in tonnes by applying a ratio 
between the average weights in those years. This adjustment 
ensured our 2023 estimate reflects the change in the popula-
tion total biomass, even if the number of squid were iden-
tical. Regarding catch, Sea Around Us data records ended 
in 2019. An estimation of catch for 2020–2023 was carried 
out multiplying landings by the average catch-to-landings 
ratio from 2015 to 2019 (IMARPE 2024a; PRODUCE 
2024). For most stocks, biomass data availability aligned 
with catch records. However, biomass time frames covered 
shorter periods than landings for common dolphinfish and 
jumbo squid, whereas no biomass estimates were available 
for skipjack tuna and scallop.

2.2.2  CMSY++ model configuration

To obtain the most accurate parameters resulting from the 
CMSY++ estimation, we defined two scenarios (A and B, as 
shown in Table 2). Scenario A referred to the original method 
from Stanford-Clark et al. (2024), in which the model was 
informed only by including catch and maximum intrinsic 
rate of population increase. In Scenario B we adjusted pri-
ors, including combinations of initial, intermediate and final 
biomass to carrying capacity (B/K) ratio, and integrated bio-
mass indices to inform the model. Furthermore, since many 
of the Peruvian fisheries have experienced shifts in policies 
in recent decades (see Table S4 in the SM), we defined two 
approaches with two different time frames for modeling 
(Table 2). The first time frame considered the whole histori-
cal data for catch and biomass we could collect, which was 
up to 2023. The second time frame considered the data from 
the year a policy change was observed to the last year 2023.

Like any other surplus production model, establish-
ing prior distributions for diverse parameters is of utter 
importance for the modeling process (Froese et al. 2023). 
Prior lower and upper limits of intrinsic rate of population 

Table 2  Scenarios and approaches of time frame analysis used to set 
up the CMSY++ package in this study
Scenario Entire time frame Reduced time frame
A Catch

Maximum intrinsic rate of 
population increase (r)

Catch
Maximum intrinsic rate 
of population increase (r)

B Catch
Maximum intrinsic rate of 
population increase (r)
30 combinations of initial, 
intermediate and final Bio-
mass to carrying capacity 
(B/K)
Biomass indices (B) a

Catch
Maximum intrinsic rate 
of population increase (r)
30 combinations of 
initial, intermediate and 
final Biomass to carrying 
capacity (B/K)
Biomass indices (B)a

For skipjack tuna (K. pelamis) and calico scallop (A. purpuratus), bio-
mass historical records provided by IMARPE were not available. For 
the rest of the stocks, IMARPE biomass estimations were included

1 3

Page 7 of 29     69 



The International Journal of Life Cycle Assessment           (2026) 31:69 

Ta
bl

e 
3 

Li
st

 o
f c

rit
er

ia
 a

nd
 su

bc
rit

er
ia

 u
se

d 
in

 m
od

el
 e

va
lu

at
io

n.
 In

 th
is

 st
ud

y,
 7

 c
rit

er
ia

 w
er

e 
pr

op
os

ed
 to

 e
va

lu
at

e 
m

od
el

 p
er

fo
rm

an
ce

 a
cc

or
di

ng
 to

 st
at

e-
of

-th
e-

ar
t t

oo
ls

. E
ac

h 
cr

ite
rio

n 
is

 e
va

lu
-

at
ed

 u
si

ng
 th

ei
r o

w
n 

m
et

ric
s, 

w
hi

ch
 c

an
 b

e 
st

at
is

tic
al

 te
st

s p
er

 se
 o

r c
an

 b
e 

de
fin

ed
 q

ua
nt

ita
tiv

e 
pr

op
er

tie
s u

nd
er

 a
n 

ac
ce

pt
an

ce
 th

re
sh

ol
d.

 N
um

be
r o

f t
es

ts
 a

nd
 h

ow
 th

e 
de

gr
ee

 o
f c

om
pl

ia
nc

e 
w

er
e 

de
te

rm
in

ed
 a

re
 a

ls
o 

de
sc

rib
ed

C
rit

er
ia

M
ea

ni
ng

M
et

ric
s

A
cc

ep
ta

nc
e 

th
re

sh
ol

d
A

pp
lic

at
io

n 
in

 th
is

 st
ud

y
C

om
pl

ia
nc

e
C

on
ve

rg
en

ce
Eq

ui
lib

riu
m

 d
is

tri
bu

tio
ns

 fo
r M

ar
ko

v 
C

ha
in

 
M

on
te

 C
ar

lo
 (M

C
M

C
) d

is
tri

bu
tio

ns
 m

ee
t a

 
de

fin
ite

 a
nd

 o
pt

im
iz

ed
 p

oi
nt

H
ei

de
lb

er
ge

r &
 W

el
ch

 te
st

p-
va

lu
e >

 0.
05

 a
nd

 ε
 <

 0.
1 

fo
r e

ac
h 

of
 th

e 
r a

nd
 

K
 c

ha
in

s
6 

te
st

s (
3 

fo
r e

ac
h 

r c
ha

in
 

an
d 

3 
fo

r e
ac

h 
K

 c
ha

in
)

10
0%

 fo
r 

8/
8 

te
st

s
G

el
m

an
-R

ub
in

 te
st

R 
< 

1.
01

 fo
r r

 c
ha

in
s a

nd
 fo

r K
 c

ha
in

s
2 

te
st

s (
1 

fo
r t

he
 g

ro
up

 o
f r

 
ch

ai
ns

 a
nd

 1
 fo

r t
he

 g
ro

up
 

of
 K

 c
ha

in
s)

R
es

id
ua

ls
D

iff
er

en
ce

 b
et

w
ee

n 
th

e 
ob

se
rv

ed
 b

io
m

as
s a

nd
 

pr
ed

ic
te

d 
bi

om
as

s (
i.e

., 
re

si
du

al
s)

 sh
ou

ld
 b

e 
ra

n-
do

m
 d

is
tri

bu
te

d 
an

d 
th

ei
r R

M
SE

 sh
ou

ld
 b

e 
lo

w

R
oo

t m
ea

n 
sq

ua
re

d 
er

ro
r 

(R
M

SE
) c

al
cu

la
tio

n
R

M
SE

 <
 0.

3
1 

te
st

10
0%

 fo
r 

3/
3 

te
st

s
W

al
d-

W
ol

fo
w

itz
 te

st
p-

va
lu

e >
 0.

05
1 

te
st

Pr
es

en
ce

 o
f o

ut
lie

rs
N

um
be

r o
f o

ut
lie

rs
 =

 0
1 

te
st

Pr
io

r-t
o-

po
st

er
io

r 
di

st
rib

ut
io

ns

Th
e 

di
st

rib
ut

io
n 

af
te

r t
he

 o
bs

er
va

tio
ns

 (p
os

te
rio

r 
di

st
rib

ut
io

n)
 sh

ou
ld

 b
e 

in
fo

rm
ed

 b
y 

da
ta

 a
nd

 
th

e 
di

st
rib

ut
io

n 
be

fo
re

 th
e 

ob
se

rv
at

io
ns

 (p
rio

r 
di

st
rib

ut
io

n)

Po
st

er
io

r-t
o-

pr
io

r v
ar

ia
tio

n 
ra

tio
 (P

PV
R

)
PP

V
R

 <
 1

6 
te

st
s f

or
 e

ac
h 

pa
ra

m
et

er
 

(r,
 K

, M
SY

, a
nd

 B
/K

 a
t t

he
 

st
ar

t, 
in

te
rm

ed
ia

te
 a

nd
 e

nd
 

of
 th

e 
tim

e 
fr

am
e)

10
0%

 fo
r 

12
/1

2 
te

st
s

Po
st

er
io

r-t
o-

pr
io

r v
ar

ia
tio

n 
of

 m
ea

n 
(P

PV
M

)
|lo

g 1
0
P

P
V

M
|  <

 1
6 

te
st

s f
or

 e
ac

h 
pa

ra
m

et
er

 
(r,

 K
, M

SY
, a

nd
 B

/K
 a

t t
he

 
st

ar
t, 

in
te

rm
ed

ia
te

 a
nd

 e
nd

 
of

 th
e 

tim
e 

fr
am

e)
R

et
ro

sp
ec

tiv
e 

an
al

ys
is

M
od

el
-d

ep
en

de
nt

 in
co

ns
is

te
nc

ie
s i

n 
re

la
tiv

e 
bi

om
as

s (
B

/B
M

SY
) a

nd
 re

la
tiv

e 
fis

hi
ng

 m
or

ta
lit

y 
(F

/F
M

SY
) f

ou
nd

 in
 e

st
im

at
io

ns
 w

ith
 in

cr
ea

si
ng

 
pe

rio
ds

 o
f d

at
a 

(M
oh

n,
 1

99
9)

M
oh

n’
s r

ho
 c

al
cu

la
tio

n
a

≤
ρ

≤
b  

fo
r e

ac
h 

B
/B

M
SY

 a
nd

 F
/F

M
SY

 fo
r 5

 
an

d 
7 y

ea
rs

 a
na

ly
si

s w
ith

•a
 =

 −
0.

15
 a

nd
 b

 =
 0.

20
 fo

r l
on

ge
r-l

iv
ed

 sp
ec

ie
s

•a
 =

 −
0.

22
 a

nd
 b

 =
 0.

30
 fo

r s
ho

rte
r-l

iv
ed

 sp
ec

ie
s

4 
te

st
s

10
0%

 fo
r 

4/
4 

te
st

s

H
in

dc
as

tin
g 

an
al

ys
is

M
od

el
-f

re
e 

in
co

ns
is

te
nc

ie
s i

n 
bi

om
as

s f
ou

nd
 in

 
es

tim
at

io
ns

 w
ith

 in
cr

ea
si

ng
 p

er
io

ds
 o

f d
at

a 
(K

el
l 

et
 a

l. 
20

16
)

M
ea

n 
ab

so
lu

te
 sq

ua
re

d 
er

ro
r 

(M
A

SE
) c

al
cu

la
tio

n
M

A
SE

 <
 1 

fo
r L

nB
 a

nd
 B

/B
M

SY
 fo

r 3
 a

nd
 

5 y
ea

rs
 a

na
ly

si
s

4 
te

st
s

10
0%

 fo
r 

4/
4 

te
st

s

B
io

lo
gi

ca
l 

m
ea

ni
ng

O
ut

pu
t p

ar
am

et
er

s s
ho

ul
d 

be
 w

ith
in

 e
xp

ec
te

d 
in

te
rv

al
s i

n 
vi

ew
 o

f t
he

 h
is

to
ric

al
 b

io
lo

gi
ca

l 
re

fe
re

nc
e 

po
in

ts
 p

ro
vi

de
d 

by
 c

om
pe

te
nt

 b
od

ie
s 

(e
.g

., 
go

ve
rn

m
en

ta
l i

ns
tit

ut
io

ns
) o

r o
th

er
 st

oc
k 

as
se

ss
m

en
t s

tu
di

es
.

Pa
ra

m
et

er
 r 

w
ith

in
 a

lg
o-

rit
hm

 p
rio

r d
is

tri
bu

tio
n

r al
g,

 m
in
≤

 r 
≤

 r a
lg

, m
ax

1 
te

st
10

0%
 fo

r 
8/

8 
te

st
s

Sa
m

e 
or

de
r o

f m
ag

ni
tu

de
 in

 
B

/B
M

SY
 a

nd
 F

/F
M

SY
lo

g 1
0[ (B

/
B

M
S

Y
) u

c
i

(B
/

B
M

S
Y

) lc
i

]  <
 1 

an
d 

lo
g 1

0[ (F
/

F
M

S
Y

) u
c

i

(F
/

F
M

S
Y

) lc
i

]  <
 1

1 
te

st

M
ax

im
um

 B
 in

 ti
m

e 
se

rie
s 

lo
w

er
 th

an
 K

B
m

ax
 <

 K
1 

te
st

Pa
ra

m
et

er
s r

, K
, M

SY
, B

M
SY

 
an

d 
F M

SY
 w

ith
in

 li
te

ra
tu

re
 

pr
io

r d
is

tri
bu

tio
ns

r li
t, 

m
in
≤

 r 
≤

 r l
it,

 m
ax

K
lit

, m
in
≤

 K
 ≤

 K
lit

, m
ax

M
SY

lit
, m

in
≤

 M
SY

 ≤
 M

SY
lit

, m
ax

B
M

SY
, l

it,
 m

in
≤

 B
M

SY
≤

 B
M

SY
, l

it,
 m

ax
F M

SY
, l

it,
 m

in
≤

 F
M

SY
≤

 F
M

SY
, l

it,
 m

ax

5 
te

st
s

1 3

   69   Page 8 of 29



The International Journal of Life Cycle Assessment           (2026) 31:69 

catch data up to the year 2019 (Pauly et al. 2024). We emu-
lated the catch-only CMSY++ configuration of Stanford-
Clark et al. (2024). We acknowledge this is a value choice 
that differs from the methodology proposed in Sect. 2.2.2 
and, therefore, will be discussed later. To analyze the effect 
of using single year landings and average landings for 3 and 
5 years in fisheries impact calculation, we quantified 3 sets 
of CFs for the model selected in Sect. 2.2.3.

2.4  CF statistical evaluation

2.4.1  Uncertainty analysis

Qualitative uncertainty used a pedigree matrix assessing 
scientific reliability, model completeness, temporal speci-
fication, geographical specification and input data charac-
teristics of the enhanced LCIA methods (Qin et al. 2020), 
while quantitative uncertainty was addressed using disper-
sion factors (k), which is a metric derived from the pro-
portion of the order of magnitude from the 97.5th and 2.5th 
percentiles (Slob, 1994).  For the latter, the k values were 
compared between original FIP model and the enhanced CF 
distributions.

2.4.2  Sensitivity analysis

Spearman’s rank correlation tests were conducted to detect 
statistical associations between enhanced CF time series for 
each stock and two indicators related to their corresponding 
catch and biomass temporal series: C/MSY and B/K. More-
over, we assessed the effects of deliberate perturbations in 
catch and biomass on CF values for the anchoveta stock.

2.4.3  Statistical correlation analysis

The CF time series were analyzed for two purposes: 1) 
to validate environmental soundness by testing whether 
CF fluctuations correspond to wider climatic and ecologi-
cal drivers of ENSO (Sanchez-Matos et al. 2024); and 2) 
to explore if available oceanographic data could serve as 
potential proxies for future CF estimation (Langlois et al. 
2015). We used Spearman’s rank correlation coefficient to 
detect associations between enhanced CF time series and 
typical ENSO indicators focused on the Peruvian EEZ. 
This non-parametric test was selected because it does not 
require the data to follow a normal distribution (Kraemer et 
al. 2003; Puth et al. 2015) The indicators were the Oceanic 
Niño Index, ONI (Bamston et al. 1997; Huang et al. 2017), 
El Niño Coastal Index, ICEN (Takahashi et al. 2014), and 
Coastal Laboratory Index, LABCOS (Quispe and Vásquez 
2015). While the three indices classify El Niño in weak, 
moderate, strong and very strong events, and La Niña in 

should be done to preserve the validity of this impact cat-
egory. In our study, CF recalculation denoted integration of 
statistical, spatial and temporal enhancements into the CF 
quantification process, to account for the dynamic behavior 
of fisheries. Enhanced CFs were computed following Eq. 
1, where C is catch, K is the stock carrying capacity, r is 
the maximum intrinsic rate of population increase, B is the 
stock biomass, n is the global number of marine species and 
fReg→Glo is a factor that converts regional to global PDF. 

CF = fReg→Glo × C × K

r2 × B3 × 1
n

� (1)

Empirical probability distributions of r and K were derived 
from CMSY++ package outputs. To generate the bio-
mass (B) distribution, we applied a scaling factor to the 
CMSY++ biomass estimated distribution for each year. The 
scaling factor was established as a ratio between the bio-
mass value provided by IMARPE and the biomass median 
value obtained from CMSY++. A triangular distribution 
was assumed for catch, thus avoiding normal distribution, 
which is rarely observed in catch patterns or other biologi-
cal processes in fishery contexts. Using the Latin Hypercube 
Sampling (LHS) technique (McKay et al. 1979) we then 
generated 100,000 data points to capture input parameters 
uncertainty, while maintaining computational efficiency. 
The sample size was determined by iterative testing to stabi-
lize median and quantiles estimates, minimizing variability 
induced by the sampling technique. Thereafter, this variabil-
ity was quantified using the coefficient of variation.

Following Stanford-Clark et al. (2024), the fReg→Glo 
was calculated by three approaches: Global Extinction 
Probabilities (GEP) (Verones et al. 2022), proportion of the 
biomass in each stock to the biomass of the whole stocks 
of a given species (i.e., Relative Endemicity, RE, conver-
sion factor), and the distance of the stock actual biomass to 
natural conditions represented by the stock carrying capac-
ity (i.e., Species Specific, SS, conversion factor). GEP are 
the result of complex global assessments (e.g., conducted by 
IUCN) that imply significant efforts for which values were 
developed for broad species groups (Kuipers et al. 2019). 
Stock catch data spanning 10 consecutive years is needed 
for RE and SS factors calculation. However, many fisher-
ies lack consistent records for their stocks. In view of these 
limitations, we decided to maintain conversion factors as 
constant values over time. The GEP values at cell level from 
Verones et al. (2024) were summed within the boundaries 
of each EEZ, obtained from the Flanders Marine Institute 
(2023) to obtain GEP conversion factors for this study. The 
RE and SS conversion factors required biomass and car-
rying capacity of the species in every other stock for their 
calculation. Hence, both were modeled using reconstructed 
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for the northern and southern Peruvian anchoveta stocks. 
The functional unit (FU) was determined as 100 g of pro-
tein content in the edible portion of the final DHC product 
(i.e., fresh, cured, canned and frozen) delivered to the entire 
Peruvian population (i.e., 33,725,000), in years portraying 
El Niño and La Niña oceanic conditions (2013 and 2015, 
respectively). Those years were selected according to the 
ICEN index, which is the indicator the Multisectorial Com-
mittee for the Study of El Niño (ENFEN) designated to ana-
lyze the intensity of ENSO events in Peru (ENFEN 2012).

A second case study analyzed the variation of environ-
mental impacts of FMFO production at a reduction plant in 
northern Peru, using the enhanced CFs to expand a recently 
conducted LCA on FMFO production (Deville et al. 2025). 
The motivation for conducting this case study is the empiri-
cal data gap accounting for biodiversity-related impacts of 
the major wild capture fishery (i.e., Peruvian anchoveta), 
as well as our interest to test the calculated CFs. System 
boundaries included the fishing stage, processing and trans-
portation of FMFO to the importing countries. The FU was 
established as 1 tonne of FM and 1 tonne of FO produced 
and delivered to the importing country in 2019 and 2021, 
which were the years for which primary data were available.

In terms of LCIA, the first case study included land-
ings of stocks and production of edible DHC products 
(in tonnes) as elementary flows. The impact assessment 
focused exclusively on the FIP. Thus, the mean, minimum 
and maximum values of the CFs from this study and from 
the original FIP method (Stanford-Clark et al. 2024), in 
PDFglobal×year×tonne−1, were used to compute the environ-
mental impacts on biodiversity. Mass and energy allocations 
were considered.

For the second case, the assessment focused on the eco-
system quality AoP. Impacts from conventional impact 
categories (e.g., climate change, acidification, or eutro-
phication) were obtained from Deville et al. (2025). Simi-
larly to the previous case study, impacts within the biotic 
resource depletion category were calculated following both 
original and revisited FIP approaches, and using three sets 
of global CFs (GEP-, RE- and SS-based). However, here we 
only used mean CF values, and, in addition, we converted 
species×year×tonne−1 available in Deville et al. (2025) to 
the PDF×year×tonne−1 unit to allow direct comparison with 
our results. Energy allocation was considered.

In both case studies, as the CFs were not available in 
commercial LCA software, impact quantification was car-
ried out in spreadsheet software and the Rstudio environ-
ment (R Core Team 2023).

weak, moderate and strong events, based on SST anomalies 
as monthly averages, they differ in the scale at which they 
are applied: ONI is a macroscale index (i.e., Niño region 
3.4), ICEN is a regional index (Niño region 1 + 2), and 
LABCOS is a local index (Peruvian coastal waters). Other 
climatic and ecological indicators at the EEZ scale com-
prised: atmospheric pressure, eastward sea water velocity, 
northward sea water velocity, sea level, salinity, dissolved 
oxygen, nitrate, phosphate, chlorophyll, phytoplankton and 
net primary productivity (NPP). Spearman’s tests required 
the same temporal scale; hence, indicators measured at daily 
or monthly basis were annually averaged.

2.4.4  Hierarchical clustering analysis

For the purpose of analyzing similar enhanced CFs behavior 
among the stocks, hierarchical clustering analysis (HCA) 
was applied to regional and global CF temporal series. After 
data standardization, the dissimilarity matrix was created 
using Euclidean distance, as the most common distance 
metric applied, and dynamic time warping, as an emerging 
measure, appropriate to analyze temporal series (Javed et 
al. 2020). The clusters were formed using Ward’s method 
(Ward 1963), with the optimal number of clusters deter-
mined by the elbow method and validated by silhouette 
analysis. All data processing, including visualization using 
a dendrogram, were implemented in Rstudio (R Core Team 
2023).

2.4.5  Effect of catch aggregation on enhanced CFs

The Wilcoxon signed-rank test (Wilcoxon 1945) and rank-
biserial correlation test (Cureton 1956) were conducted 
to analyze differences in medians between enhanced CFs 
computed using single landings and moving averages (3- 
and 5-year averages). Given the considerable sample sizes, 
datapoints were reduced using the LHS technique. This 
resampling of CFs continued until both Wilcoxon and rank-
biserial correlation outputs were stabilized (i.e., 1000 and 
100 datapoints).

2.5  Application of enhanced CFs to assess biotic 
resource depletion in the Peruvian EEZ

A first case study aims to provide information about envi-
ronmental impacts related to the extraction of commercially 
relevant wild fish stocks from the Peruvian EEZ. This case 
study seeks to quantify the biodiversity-related impacts of 
fishing in the national marine region that holds the largest 
fishery in the world. System boundaries included the fishing 
stage (i.e., extraction and landing) of the nine species above-
mentioned, although separate assessments were performed 
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The common dolphinfish and scallop stocks complied 
with almost all subcriteria tests (see Table 4). The relatively 
shorter lifespans of these species might align better with 
CMSY++ assumptions of steady state population dynam-
ics (Froese et al. 2017). While the vertical distribution in 
the marine environment and the migratory behavior (Arntz 
and Tarazona 1990; Barahona et al. 2017) may be causing 
catchability to fluctuate in species with lower subcriteria 
compliance (e.g., jack mackerel). Thus, r and K estimations 
are not closer to other assessments’ outcomes. Despite this 
variability, a major part of our estimations in this stock com-
plied with the criteria proposed. The statistical analysis was 
validated by visual inspection of key model performance 
metrics. For instance, Fig. 2 shows the behavior of residu-
als, prior-and-posterior distributions for r and K and retro-
spective patterns for B/BMSY and F/FMSY (a-f), together with 
complementary equilibrium curve and Kobe plot (g-h).

To calculate the enhanced CFs, the model with a higher 
degree of criteria compliance within each stock was selected 
to gather the population increase (r) and carrying capacity 
(K) parameters. The northern-central anchoveta stock pre-
sented the highest values for parameters r, K, MSY, BMSY 
and FMSY among the stocks assessed (Table 5 and Table S8). 
The upwelling of the Humboldt Current System, with the 
rapid rate of population increase, and the short lifespan of 
anchoveta are the driving factors that sustain the huge bio-
mass of this stock, allowing it to deal with strong fishing 
pressures (Chavez et al. 2008). The higher nutrient content 
of Peruvian northern-central waters (Bruland et al. 2005) 
along with its optimal climatic conditions (e.g., temperature 
and oxygen concentrations) for anchoveta growth (Castillo 
et al. 2025), results in lower productivity of the southern 
anchoveta stock compared to its northern-central analogue. 
In any case, the southern anchoveta stock still presents high 
MSY, K and BMSY values within the stocks analyzed. This 
northward distribution of anchoveta has proven to be due to 
the affinity to cold waters, although seasonal behavior has 
also been observed (Castillo et al. 2015). A balance between 
MSY and lower exploitation might explain jack mackerel 
ranking in terms of K and BMSY. In the common dolphinfish 
stock, the relatively strong fishing pressure it can support 
(FMSY) can be attributed to its relatively high resilience. 
This species feeds on other smaller species, not plankton, 
thus, a lower trophic efficiency is expected in its food web 
and, as a consequence, lower BMSY (Pincay-Espinoza and 
Varela 2022). Moderate fishing pressure on hake along with 
its relatively low K indicate that this stock might be suscep-
tible to overfishing (Guevara-Carrasco and Lleonart 2007). 
Although skipjack tuna is a commercial species that exhib-
its significant landings, its resilience is short, making this 
stock more sensitive to fishing pressure. Thus, a lower FMSY 
is observed for this species.

3  Results and discussion

3.1  Selection of models with optimal CMSY++ 
performance

Models under each scenario present varying degrees of 
compliance with each criterion. In general, higher levels 
of criteria fulfillment were observed when biomass indices 
and combination of initial, intermediate and final B/K priors 
were included, under a short period of analysis (scenario 
B), as shown in Table 4. This fact suggests that input infor-
mation is relevant to model optimization using CMSY++ 
algorithm in Peruvian stocks, which seems reasonable since 
additional information supports a better fit of empirical data. 
Similar trends in model optimization were found in South 
Atlantic Ocean blue shark stock assessment (Kindong et al. 
2022) but were not observed in other stocks as little tunny – 
Euthynnus alletteratus (Konoyima et al. 2024).

Almost every stock achieved 100% compliance in the 
convergence criterion (see Tables S6–S7 in the SM). It is 
likely that the number of steps used (i.e., 60,000 steps) are 
enough to obtain a finite and optimal value of r-K pairs for 
the model even for stocks poor in data (Froese et al. 2017). 
Prior-to-posterior analysis and retrospective analysis pre-
sented a high percentage of compliance after convergence, 
with the former being another aspect addressed by the diag-
nostic tools implemented in CMSY++ (Froese et al. 2017). 
The absence of consistent retrospective patterns in the stock 
assessment suggests the model remains stable as new data is 
added gradually. The biological meaning criterion presented 
varied fulfillment degree as the percentages fall mostly in 
the 50–99% range with less cases with percentages in the 
<50 and 100% ranges. This was a critical criterion as it 
assesses how close the estimated parameters and biological 
reference points from the model are to other reliable assess-
ments from competent institutions. Although the CMSY++ 
modeling was informed by priors and abundance indices, a 
complete fulfillment was not possible in this criterion due 
to the approach this modeling package is based on. While 
the CMSY++ modeling procedure is based on biomass and 
catch, the reference assessments were conducted under 
integrated approaches that included data on size or age 
that allow even more precise estimations, as explained by 
Dichmont et al. (2021). Residual analysis and hindcasting 
analysis, both linked with accuracy against observed data 
(RMSE and MASE metrics), showed the lowest compliance 
rates. Pronounced deviations of estimated biomass indices 
from reference biomass values sourced from IMARPE can 
be explained by the differences in stock assessment methods 
and the ability to include an expanded pool of input param-
eters into those methods.
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Table 4  Comparison of criteria compliance for representative stocks in the Peruvian Economic Exclusive Zone (EEZ) between the original Fisher-
ies Impact Pathway (FIP) methodology (Stanford-Clark et al. 2024) and the enhanced methodology proposed in the current study
Stock 
(Sci-
entific 
name)

Scenario Time 
frame of 
analysis

Convergence
(8 subcriteria)

Residuals
(3 subcriteria)

Posterior-
prior (12 
subcriteria)

Retrospective
(4 subcriteria)

Hindcasting
(4 subcriteria)

Biological 
meaning
(8 subcriteria)

Total sub-
criteria 
compli-
ance

Ancho-
veta, 
northern-
central 
stock (E. 
ringens)

A 1960 
– 2023

8 0 10 2 0 4 24 of 39 
(61.5%)

B 2007 
– 2023

8 2 12 4 2 7 35 of 39 
(89.7%)

Ancho-
veta, 
southern 
stock
(E. 
ringens)

A 1960 
– 2023

8 0 10 2 1 4 25 of 39 
(64.1%)

B 2007 
– 2023

8 1 12 4 0 5 30 of 39 
(76.9%)

Jack 
mackerel
(T. 
murphyi)

A 1950 
– 2023

8 0 10 0 0 3 21 of 39 
(53.9%)

B 2002 
– 2023

8 1 11 4 0 2 26 of 39 
(66.7%)

Chub 
mackerel
(S. 
japoni-
cus)

A 1950 
– 2023

8 0 10 4 0 2 24 of 39 
(61.5%)

B 2002 
– 2023

8 2 12 4 1 5 32 of 39 
(82.1%)

Bonito
(S. 
chiliensis)

A 1950 
– 2023

8 0 11 4 0 3 26 of 39 
(66.7%)

B 2007 
– 2023

8 1 12 4 1 4 30 of 39 
(76.9%)

Hake
(M. 
gayi) a

A 1953 
– 2023

8 0 10 1 0 2 21 of 32 
(65.6%)

B 2003 
– 2023

8 1 11 4 0 2 26 of 32 
(81.3%)

Common 
dolphin-
fish
(C. 
hippurus)

A 1954 
– 2023

8 0 12 4 0 4 28 of 39 
(71.8%)

B 2001 
– 2023

8 2 12 4 2 8 36 of 39 
(92.3%)

Skipjack 
tuna
(K. pela-
mis) b

A 1950 
– 2023

8 0 11 2 0 1 22 of 27 
(81.5%)

B 2003 
– 2023

8 0 12 2 0 2 24 of 27 
(88.9%)

Jumbo 
squid
(D. 
gigas)

A 1950 
– 2023

8 0 10 1 0 3 22 of 39 
(56.4%)

B 2007 
– 2023

8 0 12 4 0 4 28 of 39 
(71.8%)

Calico 
scallop
(A. 
purpura-
tus) b

A 1953 
– 2023

8 0 10 4 0 1 23 of 27 
(85.2%)

B 2007 
– 2023

8 0 12 4 0 2 26 of 27 
(96.3%)

Literature values for r, K, MSY, BMSY and FMSY were not available
Biomass historical records were not available. Thus, biomass estimations from the CMSY method were used
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ranged from 8.56 × 10−10 to 8.83 × 10−1 (Figure S2b) and 
from 1.06 × 10−9 to 1.31 (Figure S2c), respectively. Look-
ing at the Peruvian stocks, the GEP values were, on aver-
age, two orders of magnitude lower than RE and SS factors 
(Tables S9–S11) given that IUCN groups of species from 
GEP are more widespread around the globe than single spe-
cies from the latter approaches.

3.2.2  Overview of enhanced regional and global 
characterization factors (CFs)

Once the estimation of regional-to-global PDF conversion 
factors was executed, four sets of CF time series (1 regional 

3.2  Temporal series of enhanced characterization 
factors (CFs) for Peruvian stocks

3.2.1  GEP, RE and SS conversion factors to achieve global 
PDF units

Prior to the computation of enhanced CF temporal series, 
conversion factors from regional to global PDF units at 
EEZ level for Peru and other nations were calculated. GEP 
values in the marine ray-finned fish category ranged from 
8.47 × 10−9 to 6.89 × 10−2 (dimensionless, see Figure S1 and 
Figure S2a). Considering all species and EEZ that entered 
the quantification process, RE and SS factors distribution 

Fig. 2  Illustration of statistical analysis conducted for CMSY++ model 
performance of northern-central anchoveta. The figure shows residual 
analysis (a), prior-to-posterior analysis of r and K parameters (b and 

c), retrospective analysis for B/BMSY and F/FMSY (d and e), hindcasting 
analysis (f), along with equilibrium curve (g) and Kobe plot (h) typical 
of CMSY++ package
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the reference value extracted from the original FIP impact 
category, and in some cases surpassing it (Fig. 3). This pat-
tern tends to indicate higher impacts in years under El Niño 
oceanic conditions for certain stocks (e.g., anchoveta, jack 
mackerel and bonito). Notably, CFs from the jumbo squid 
stock converge to the reference value in recent years, sug-
gesting an increasing pressure over this species. In con-
trast, mackerels, hake and scallop stocks showed CFs that 
diverged from reference values in recent years, pointing 
towards a decreasing pressure on these species.

3.3  Statistical evaluation of the characterization 
factors (CFs)

3.3.1  Uncertainty in the enhanced characterization factors 
(CFs)

Uncertainty sources of the CFs are mainly propagated in the 
Monte Carlo simulations employed in the CMSY++ algo-
rithm, which outputs include estimations of key parameters 
such as the intrinsic rate of population increase, r, carrying 
capacity, K and biomass, B, with their corresponding confi-
dence intervals.

From a qualitative perspective, the model’s scientific 
reliability scored 1 (low uncertainty) given its basis on a 
model which has been included in the IMPACT World+ 
framework (CIRAIG 2023) and the integration of further 
statistical filters to improve model fit (Table 6). However, 
the limited stock coverage (only 10 out of 37 commercial 
stocks) resulted in a score of 5 (high uncertainty). Temporal 
specification was assigned 1 (low uncertainty), as the annual 
CFs capture the fisheries dynamics and address the biologi-
cal reference points for each stock. Although the CFs granu-
larity was mainly at EEZ level, regional variations within 
the EEZ boundaries are observed, particularly in northern-
central and southern marine stocks like anchoveta. Thus, 
geographic specification scored 2 (moderately low uncer-
tainty). Given the limitation to distinguish estimated from 
hydroacoustic biomasses in the abundance data provided by 
IMARPE, the input data characteristics also scored 2 (mod-
erately low uncertainty).

From a quantitative perspective, dispersion factors (k) 
using single year landings ranged from 1.62 to 6.61, with 
lower values for jack mackerel and northern-central ancho-
veta and higher values for scallop and skipjack tuna (Table 
7). A similar trend was observed when using 3-year aver-
ages. In both cases, the enhanced regional CFs showed 
lower k values than those reported by the original FIP for 
almost every stock, except for skipjack tuna. This is prob-
ably due to the larger uncertainty typical of the catch-only 
CMSY method used also in the original FIP framework, 
and the fluctuating skipjack tuna catch in the initial 2000s, 

and 3 global) were obtained for each stock. A non-paramet-
ric distribution of CFs was obtained for each year, set of CF 
time series and stock (see Figure S3, which shows quantile-
quantile plots of the CF distributions for northern-central 
anchoveta, using single year catch). Sampling of 100,000 
data points were sufficient to stabilize the distribution met-
rics, reducing the coefficient of variation for median and 
other quantiles to ≤1% across all stocks (Table S12).

Typically, the CFs showed lower median values than 
those previously reported in the original FIP (Fig. 3), with 
regional CF values larger than those from the three global 
approaches (Table S13 and Figures S4–S13 in the SM). 
Within regional CFs, hake and jack mackerel presented 
higher values with medians in the order of 10−11 − 10−9 
PDF×year×tonne−1. In the group of GEP-, RE- and SS-
based CFs, hake and jack mackerel remained as leaders, 
but now with 10−13–10−10 PDF×year×tonne−1. The stocks of 
southern anchoveta, jack mackerel, hake and jumbo squid 
showed more dispersed CFs, suggesting higher susceptibil-
ity to temporal variability. The lower CF values appear to 
be reasonable as employed biomass, catch, carrying capac-
ity and regional-to-global conversion factors are limited by 
the geopolitical boundaries of the EEZ, and other policy-
oriented strategies such as total allowable catch and quota 
systems.

Although the enhanced CFs are on average below pre-
vious reference values, in the years 2009, 2011 and 2014–
2016, CF values are substantially higher, getting closer to 

Table 5  Maximum intrinsic rate of population increase (r) and carry-
ing capacity (K) estimated outputs resulting from optimal CMSY++ 
models in this study. These estimates were used to calculate enhanced 
characterization factors (CFs) for representative fishery stocks in the 
Peruvian Exclusive economic Zone (EEZ)
Stock r

(year−1)
K
(million tonnes)

Anchoveta (E. ringens), 
northern-central stock

1.303
(1.101–1.529)

12.132
(10.469–14.437)

Anchoveta (E. ringens), 
northern-central stock

0.825
(0.552–1.140)

2.379
(1.852–3.631)

Jack mackerel (T. murphyi) 0.489
(0.342–0.619)

2.902
(2.184–3.821)

Chub mackerel (S. 
japonicus)

0.255
(0.185–0.344)

1.707
(1.396–2.134)

Bonito (S. chiliensis) 0.244
(0.175–0.345)

1.447
(1.126–1.91)

Hake (M. gayi) 0.879
(0.755–1.01)

0.431
(0.386–0.491)

Common dolphinfish (C. 
hippurus)

1.118
(0.827–1.514)

0.232
(0.204–0.27)

Skipjack tuna (K. pelamis) 0.202
(0.121–0.279)

0.401
(0.291–0.722)

Jumbo squid (D. gigas) 0.828
(0.511–1.052)

2.337
(1.834–3.377)

Calico scallop (A. 
purpuratus)

0.986
(0.661–1.246)

0.273
(0.213–0.407)
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Fig. 3  Temporal series of enhanced characterization factors (CFs) for 
northern-central anchoveta (a), southern anchoveta (b), jack mackerel 
(c), chub mackerel (d), bonito (e), hake (f), common dolphinfish (g), 
skipjack tuna (h), jumbo squid (i) and calico scallop (j), recalculated 
using single year catch and relative endemicity (RE) conversion fac-

tors. Red and blue shadings indicate years with annual mean ICEN val-
ues > +0.5 (warm years) and <−0.7 (cold years). Dotted black lines and 
stripped patterns represent median values from the fisheries impact 
pathway with their corresponding confidence intervals
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anchoveta, noting a new peak in the CF time series for the 
stock.

3.3.3  Statistical correlation of enhanced CFs and ENSO 
indicators

Significant correlations using Spearman’s rank correlation 
coefficient were identified between CF time series and the 
climatic parameters of sea level and dissolved oxygen for 

which broadened the distributions of r, K and biomass. The 
order of magnitude ranges of the 97.5th and 2.5th percentiles, 
in our study, also showed lower values than the original FIP 
(Table 7).

3.3.2  Sensitivity in the enhanced characterization factors 
(CFs)

The variability of the CFs in time is explained primarily 
by their significant (p-value < 0.05) and moderate-strong 
(Spearman’s rho near −1 or +1) correlations with relative 
biomass indices (Table 8). Biomass estimation is a critical 
step towards a precise characterization of the impact related 
to biotic resource depletion in the marine environment. 
However, many fisheries lack these data because of the 
technical and logistical requirements to carry out biological 
assessments and, thus, they draw upon the use of model-
ing software. Surplus production models (e.g., CMSY++ 
and SPiCT), when tested in data-rich stocks, provide not 
so robust outcomes in comparison with more sophisticated 
assessments (Bouch et al. 2021). Hence, fisheries popula-
tion dynamics modeling is still a challenge to bear with and 
LCA modeling for this impact pathway will rely heavily on 
fish stock modeling advances.

The updated CFs respond to perturbations in both bio-
mass and landed catch. Given that biomass is an estimated 
parameter, it is crucial to examine the effects of potential 
overestimation in CF calculation. If biomass were only 
80 and 50% of the current estimates, regional CFs could 
increase up to 1.95 and 8.00 times their current value, 
respectively. Moreover, under a combined situation of 
50% lower biomass and 20% increase in catch, CF values 
could rise by almost one order of magnitude (9.60 times as 
compared to the reported values). In this latter case, an El 
Niño event in the Peruvian EEZ (e.g., 2015) would yield a 
CF of 1.29 × 10−11 PDF×year×tonne−1 for northern-central 

Table 6  Uncertainty assessment using the pedigree matrix for 
enhanced characterization factors (CFs) regarding relevant Peruvian 
fishing stocks
Criteria Scorea Geometric 

Standard 
Deviation 
(GSD)

Reliability of underlying 
science

2 Moderately low 
uncertainty

1.11

Model completeness 5 High uncertainty 1.55
Temporal specification 1 Low uncertainty 1.00
Geographical specification 2 Moderately low 

uncertainty
1.09

Input data characteristics 2 Moderately low 
uncertainty

1.07

According perceived uncertainty in LCA characterization factors 
(Qin et al. 2020)

Table 7  Uncertainty assessment using dispersion factor (k) and dif-
ferences in order of magnitude (OMdiff) between the 97.5th and 2.5th 
percentiles from regional enhanced characterization factor (CF) distri-
butions. A centered 3-year moving average was used for a consistent 
of comparison
Stock Catch used Current study Fisher-

ies Impact 
Pathway

k OMdiff k OMdiff

Anchoveta, 
northern-
central 
stock

Single year 1.77 - 2.60 0.50 
- 0.83

- -

3-year 
average

1.78 - 2.58 0.50 
- 0.82

19.81 2.59

Anchoveta, 
southern 
stock

Single year 2.56 - 3.32 0.82 
- 1.04

- -

3-year 
average

2.58 - 3.31 0.82 
- 1.04

19.81 2.59

Jack 
mackerel

Single year 1.62 - 2.38 0.42 
- 0.75

- -

3-year 
average

1.62 - 2.37 0.42 
- 0.75

48.28 3.37

Chub 
mackerel

Single year 2.15 - 2.28 0.66 
- 0.72

- -

3-year 
average

2.15 - 2.27 0.66 
- 0.71

43.14 3.27

Bonito Single year 2.54 - 2.79 0.81 
- 0.89

- -

3-year 
average

2.54 - 2.79 0.81 
- 0.89

25.84 2.82

Hake Single year 1.99 - 2.60 0.60 
- 0.83

- -

3-year 
average

1.99 - 2.62 0.60 
- 0.84

42.06 3.25

Common 
dolphinfish

Single year 2.23 - 2.46 0.70 
- 0.78

- -

3-year 
average

2.24 - 2.45 0.70 
- 0.78

5.19 1.43

Skipjack 
tuna

Single year 5.07 - 6.61 1.41 
- 1.64

- -

3-year 
average

5.10 - 6.41 1.41 
- 1.61

5.09 1.41

Jumbo 
squid

Single year 3.40 - 4.61 1.06 
- 1.33

- -

3-year 
average

3.42 - 4.58 1.07 
- 1.32

4.55 1.32

Calico 
scallop

Single year 3.63 - 5.38 1.12 
- 1.46

- -

3-year 
average

3.61 - 5.38 1.12 
- 1.46

6.30 1.60
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3.3.4  Grouping stocks based on clustering analysis of CF 
time series

In the hierarchical clustering analysis, although the elbow 
method and silhouette analysis indicated two optimal 
groups (see Figures S13–S16 in the SM), the defined behav-
ior of the CF time series allowed an improved analysis using 
four clusters. Using the Euclidean distance, the first group 
is formed by common dolphinfish and bonito with CFs 
marked by growing, extreme and slow fluctuations (see Fig. 
4a and Figure S17). The second group, formed by jumbo 
squid and skipjack tuna, shows consistent growth without 
extreme values. Calico scallop and northern-central ancho-
veta stocks form the third group, showing highly extreme 
values, with relatively fast CF value fluctuations. The last 
group, formed by hake, southern anchoveta, chub mack-
erel and jack mackerel is characterized by decreasing CFs 
through time with peaks in the period 2014–2016. Dynamic 
time warping refined the clustering within groups by distin-
guishing the more varied pattern of southern anchoveta CFs 
from the stable pattern shown by hake, chub mackerel and 
jack mackerel CFs. It also identified behavioral similarities 
between CFs from the first and second groups formed using 
Euclidean distance (Fig. 4b and Figure S18).

The joint analysis of CF temporal series and clustering 
analysis may suggest that fishery management of some spe-
cies has been successful. For instance, after decades of high 
fishing pressure, hake started to show signs of recovery in 
2012 (Avadí et al. 2018), and this is observed with a lower 
CF value in that year. In contrast, growing landings for other 
species, such as jumbo squid and skipjack tuna (IMARPE 
2024a), coupled with reports of illegal, unreported and 
unregulated (IUU) fishing from foreign fleets entering 
the Peruvian EEZ (Muñoz-Sovero et al. 2026), may have 
contributed to a gradual increase in the CFs of this species 
through time.

An interesting insight emerges when comparing our CFs 
between 2022 and 2023. Despite 2023 experiencing a strong 
El Niño phenomenon, which typically hampers anchoveta, 
hake and jumbo squid abundance through elevated, posi-
tive anomalies in SST (Bertrand et al. 2020), no signifi-
cant increase in CFs or decrease in biomass indices were 
observed relative to 2022. These facts may stem from the 
pre-El Niño periods that are defined to conduct IMARPE’s 
hydroacoustic surveys to provide biomass estimations (Cas-
tillo et al. 2024). If these seasonal windows are not aligned 
with the lowest point in biomass decline, reported estimates 
would not reflect the true population status, remarking the 
challenges raised by synchronizing surveys with climato-
logic stressors to avoid overestimations in stock abundance.

most of the stocks (see Table 9). Regarding SST anoma-
lies, significant correlations were observed only for bonito 
when observing the regional (ICEN) and local (LABCOS) 
indices. Other stocks with significant statistical association 
were common dolphinfish with atmospheric pressure, skip-
jack tuna with nitrate concentrations and, once again, bonito 
with phosphate concentrations. Although some of these cor-
relations are documented (Bertrand et al. 2020), the use of 
annual scale CFs and climatic variables is not appropriate 
to detect the expected statistical associations with sufficient 
resolution.

Given significant correlation across stocks, sea level and 
dissolved oxygen could be explored as proxies in LCIA mod-
eling. Changes in oxygen solubility due to elevated oceanic 
temperatures represent a robust proxy for global warming as 
this indicator shows minimal variability over time (Garcia-
Soto et al. 2021). Dissolved oxygen can also be exploited 
to monitor eutrophication since this metric includes biota 
decomposition, respiration and photosynthetic activity 
(Coffin et al. 2018). Concerning sea level, Global Sea level 
rise Potential (GSP) arises as a metric which quantifies 
oceanic thermal expansion caused by anthropogenic emis-
sions (Sterner et al. 2014). To our knowledge, existing LCIA 
models are yet to address these impact pathways.

Table 8  Sensitivity analysis of enhanced characterization factors (CFs) 
towards catch-maximum sustainable yield (C/MSY) and relative bio-
mass (B/K) ratios. Statistically significant correlations (p < 0.05) are 
shown in bold with Spearman’s rho coefficients in parentheses, indi-
cating where annual CF variations are systematically associated to the 
input parameters used in their recalculation
Stock Annual catch 3 year moving 

average
C/MSY B/K C/MSY B/K

Anchoveta, NC stock 0.486
(−0.18)

0.492
(−0.18)

0.133
(−0.38)

0.384
(−0.23)

Anchoveta, S stock 0.030
(0.53)

0.046
(−0.49)

0.213
(0.32)

0.064
(−0.46)

Jack mackerel 0.363
(−0.20)

0.000
(−0.73)

0.156
(−0.31)

0.000
(−0.78)

Chub mackerel 0.042
(0.44)

0.000
(−0.86)

0.601
(0.12)

0.000
(−0.91)

Bonito 0.005
(0.65)

0.326
(0.25)

0.013
(0.59)

0.098
(0.41)

Hake 0.404
(−0.19)

0.000
(−0.97)

0.241
(−0.27)

0.000
(−0.98)

Common dolphinfish 0.000
(0.76)

0.000
(−0.78)

0.007
(0.55)

0.000
(−0.82)

Skipjack tuna 0.000
(0.94)

0.007
(−0.57)

0.000
(0.78)

0.006
(−0.58)

Jumbo squid 0.048
(0.49)

0.000
(−0.90)

0.052
(0.48)

0.000
(−0.90)

Calico scallop 0.000
(0.90)

0.094
(−0.42)

0.069
(0.45)

0.000
(−0.81)
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3.4  Key insights from case study results

3.4.1  Environmental impacts on stocks for direct human 
consumption (DHC)

Environmental impacts were lower than those obtained 
through the original FIP framework regardless of the alloca-
tion approach. When applying energy allocation with RE-
based global CFs, anchoveta exhibited the highest impacts 
for fresh DHC products, followed by the impacts of cured 
jack mackerel, chub mackerel, bonito and hake in both 2013 
and 2015 (Fig. 6). As the impacts are distributed among the 
annual outputs of a given product, higher PDF×year per 
functional unit (FU) were obtained for the noted processing 
DHC procedures.

When the CFs from this study were used, impacts of 
anchoveta were only 21–36% of the impacts resulting from 
the original FIP CFs. In the case of chub mackerel, bonito and 
hake, the percentages are even lower representing 3–12% 
of original CFs. However, our refined methodology yielded 
higher impacts in jack mackerel for 2013, at 1.2 times the 
value obtained when applying the original FIP framework. 
The lack of data on environmental impacts in PDF×year or 

3.3.5  Influence of landings on characterization factors 
(CFs)

Results from the Wilcoxon test indicated that the choice 
of single year catch or moving averages (3- and 5-year) 
yield statistically significant differences in CF distributions 
across all stocks for ca. 40% of the years analyzed within 
each stock (Table S14). Confirming these results, the rank-
biserial correlation analysis showed negligible-small effect 
size in years without statistical differences (0 ≤ r < 0.3), and 
mostly medium-large effect size in years characterized by 
statistical differences (0.3 ≤ r). Figure 5 shows differences in 
northern-central anchoveta CFs using single year and mov-
ing averages, in particular, for the events that occurred in 
2013 (strong La Niña) and 2015 (strong El Niño).

Considering annual variability in fish stocks dynam-
ics, especially those affected by climatic phenomena, and 
the need for consistently updating CFs to support adaptive 
fishery management, we recommend the use of single year 
catch for CF recalculation. This value choice is preferable 
since center-aligned moving averages introduce time lags 
and trailing moving averages decrease responsiveness to 
recent fluctuations in catch and biomass.

Table 9  Results for Spearman rank correlation between enhanced characterization factor (CF) temporal series and indices of sea surface tem-
perature (SST) anomalies, along with other physical and biochemical parameters monitored within Peru’s EEZ. p-values < 0.05 (in bold together 
with Spearman’s rho in parenthesis) show statistically significant correlations, allowing the rejection of the hypothesis of no relationship between 
annual CFs and annual mean parameters
Parametersa Ancho-

veta, 
NC 
stock

Ancho-
veta, S 
stock

Jack 
mackerel

Chub 
mackerel

Bonito Hake Common 
dolphinfish

Skip-
jack 
tuna

Jumbo 
squid

Calico 
scallop

Oceanic Niño Index (ONI) b 0.815 0.353 0.556 0.986 0.056 0.311 0.579 0.797 0.978 0.504
El Niño Coastal Index (ICEN) 0.619 0.952 0.368 0.587 0.010

(0.61)
0.915 0.074 0.801 0.896 0.286

Coastal Laboratories (LABCOS) 0.918 0.465 0.352 0.133 0.002
(0.70)

0.078 0.111 0.457 0.184 0.084

Atmospheric pressure 0.417 0.222 0.271 0.662 0.181 0.650 0.046
(−0.42)

0.559 0.758 0.918

Eastward sea water velocity 0.158 0.532 0.086 0.160 0.453 0.302 0.166 0.454 0.808 0.694
Northward sea water velocity 0.567 0.384 0.146 0.355 0.141 0.575 0.445 0.263 0.701 0.374
Sea level 0.933 0.081 0.017

(−0.50)
0.001
(−0.68)

0.001
(0.72)

<0.001
(−0.72)

0.010
(−0.52)

0.567 0.006
(0.64)

0.016
(−0.57)

Salinity 0.358 0.547 0.721 0.240 0.405 0.375 0.264 0.964 0.751 0.722
Dissolved oxygen 0.801 0.031

(0.52)
0.038
(0.45)

0.039
(0.44)

0.227 0.124 0.564 0.022
(−0.50)

0.025
(−0.54)

0.492

Nitrate 0.188 0.952 0.740 0.294 0.900 0.810 0.058 0.034
(−0.46)

0.395 0.209

Phosphate 0.300 0.168 0.379 0.214 0.031
(−0.52)

0.372 0.144 0.143 0.073 0.115

Chlorophyll 0.130 0.425 0.382 0.824 0.507 0.703 0.740 0.849 0.918 0.660
Phytoplankton 0.115 0.855 0.262 0.651 0.318 0.978 0.633 0.658 0.613 0.646
Net Primary Productivity (NPP) 0.240 0.903 0.101 0.236 0.395 0.679 0.993 0.793 0.492 0.456
Sea Surface Temperature (SST) anomalies were sourced from SIOFEN (2025), while other oceanographic indicators were sourced from Coper-
nicus (2025)
ONI index was derived from Multivariate ENSO Index (MEI.v2)
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Fig. 5  Distribution of characterization factors (CFs) using different catch values (1 single year, 3- and 5- year moving averages) for northern-
central anchoveta stock within Peru’s Exclusive economic Zone (EEZ), corresponding to 2013 (a) and 2015 (b) years

 

Fig. 4  Clusters formed by either 
one of the two approaches to 
calculate distance in hierarchical 
clustering analysis, i.e., Euclidean 
(a) and dynamic time warping, 
DTW (b), and applying loga-
rithmic adjustment followed by 
Ward’s method to the enhanced 
regional characterization factors 
(CFs) of each evaluated stock
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Fig. 6  Marine biotic resource depletion 
impacts, per 100 g of protein supplied to 
the Peruvian population (i.e., 33,725,000), 
through direct human consumption (DHC) 
products from five species caught in Peru-
vian waters. Impacts were calculated using 
global characterization factors (CFs) based 
on relative endemicity (RE), from original 
fisheries impact pathway – FIP (transparent 
columns) and the enhanced method from 
this study (solid columns). Impacts for 
2015 are expressed in relative increments 
relative to their corresponding 2013 values
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with the values of southern anchoveta CFs which are slightly 
below their northern-central counterpart, highlighting the 
difference in population dynamics between both stocks.

Our revisited CFs revealed a decrease in fishmeal envi-
ronmental impacts from 2019 to 2021 (Table S16), rep-
resenting lower proportions relative to values previously 
reported (Deville et al. 2025). This is due, in part, to La 
Niña oceanic conditions that in 2021 promoted exceptional 
anchoveta biomass, particularly in the southern region, caus-
ing a distinct biodiversity impact despite the high resilience 
of anchoveta. Fish oil did not conform to the patterns men-
tioned above, as fish oil production is strongly conditioned 
by other variables, such as fat content of the anchoveta.

It is worth highlighting that the FIP model, a methodol-
ogy with static CFs in time based on FAO stock captures, 
reflects higher impacts on biodiversity than our methodol-
ogy: while the original FIP increase impacts by 41–61%, 
our approach results in only an 18–49% increase. This 
divergence suggests a previous overestimation particularly 
for the Peruvian anchoveta fishery.

We reckon that the enhanced CFs allow precise analysis 
of the contribution of individual processing plants to marine 
biodiversity loss. The divergence between northern and 
southern anchoveta stocks highlights that, when required, a 
higher level of granularity can be applied to identify impact 
differences between production systems. Apart from facil-
ity-level impact quantification, the enhanced dynamic CFs 
support temporal and spatial management during climate 
anomalies using the sensitivity that static CFs cannot pro-
vide. Thus, we recommend employing dynamic CFs when 
data availability allows it to better capture the environmen-
tal impacts on biodiversity.

3.5  Characterization factor (CF) regionalization and 
temporalization in fisheries

The importance of incorporating regionalization in LCIA 
has been highlighted recurrently for conventional main-
stream impact categories (Frischknecht et al. 2019) and is 
beginning to be implemented in marine-specific impact cat-
egories, such as microplastic emissions to the marine envi-
ronment (Hajjar et al. 2024) or seabed impact (Woods and 
Verones 2019). In the case of the FIP model, how a nation 
manages its fisheries under its jurisdiction will have pro-
found implications on stock sustainability and on under-
lying biological diversity. For instance, the stricter quotas 
IMARPE set after the very strong El Niño event in 1998 
helped the stock to recover faster (Arias-Schreiber 2012). 
This gains relevance when multiple factors (e.g., climate 
change) redistribute an international shared stock to enter 
a specific EEZ (Bjørndal et al. 2024), or when integrated 
efforts from different nations are required to promote the 

species×year regarding LCA of DHC anchoveta production 
(Avadí et al. 2014) limit the discussion regarding the incre-
ment of the impacts due to stock removal from the ocean.

Impacts of anchoveta, bonito and hake stocks rose 
53–570% across all DHC products from 2013 to 2015, 
using enhanced CFs from the current study. In contrast, 
jack and chub mackerels exhibited a decrease of ca. 84% 
in impacts from 2013 to 2015. The higher energy content of 
fresh chub mackerel (compared to jack mackerel) results in 
more distributed impacts for its fresh products, whereas the 
small cured production volume of jack mackerel explains its 
disproportionate impact per FU. Since these species share 
similar fishing regulations, potential management deficien-
cies during El Niño events (e.g., 2015) may have occurred.

Comparable temporal trends were observed when other 
global CFs and a mass allocation method were employed to 
compute environmental impacts for DHC products (Table 
S15). Even though similar PDF×year values were also iden-
tified with global CFs, impacts using GEP-based CFs were 
two orders of magnitude lower given that the regional-to-
global conversion factor was significantly lower than the 
other two conversion factors in this study.

The methodological improvements of employing annu-
ally differentiated CFs enabled detection of interannual vari-
ability that was previously masked by the use of static CFs. 
This temporal resolution is valuable for fisheries manage-
ment in nutrient-rich ecosystems like the Humboldt Current, 
where climate phenomena, such as El Niño perturbations, 
can dramatically alter stock abundance and distribution.

3.4.2  Impacts of fishmeal and fish oil (FMFO) production

Using an energy allocation perspective, the increase in envi-
ronmental impacts for the ecosystem quality AoP caused by 
the extraction of anchoveta from the ocean was variable 
depending on the CFs applied. When the GEP global CFs 
are used, the increment is minimal, representing only 0.1%-
9% of the impacts relative to the original ReCiPe values 
without this category (see Figure S22). However, when 
using the other two approaches (i.e., RE and SS global CFs), 
the impact is much larger, accounting for 18%-61% of the 
total ReCiPe impacts (see Fig. 7 and Figure S23). This pat-
tern is reasonable as the methodological differences involve 
extinction probabilities up to two orders of magnitude 
lower than the other conversion factors. SS generates lower 
impacts since the deviation of Peruvian anchoveta stocks’ 
from pristine conditions remained smaller than the average 
deviation observed in other stocks assessed.

Although our methodology yields lower impacts over-
all, impacts from the processing plant at Ilo, located in the 
southern region of Peru, are systematically lower to other 
plants in the northern-central territory of Peru. This is linked 

1 3

Page 21 of 29     69 



The International Journal of Life Cycle Assessment           (2026) 31:69 

allows diverse stakeholders to measure the effectiveness 
of national fishery policies (e.g., marine protected areas or 
restrictive quota systems) that would remain undetected 
using coarse CFs.

Limitations due to temporality have been detected in 
LCA since early years of its development (Owens 1997) 
and more recent systematic reviews have delved into how 
temporal dynamism should be modeled in the methodology 
(Lueddeckens et al. 2020). Previous studies have included 
dynamic inventories related to the biotic resource deple-
tion caused by fisheries (Emanuelsson et al. 2014; Langlois 
et al. 2015). However, to the best of our knowledge, our 
study is novel in providing dynamic CFs within the marine 

recovery of an almost depleted stock, such as the case of 
jack mackerel in the South Pacific (Rodriguez and Urrutia 
2020).

We argue that a regionalized approach to quantify biotic 
resource depletion in the marine realm is about contextual-
izing the environmental impact assessment, rather than con-
fining species to physical or geopolitical boundaries. This 
means linking CFs to specific ecological conditions, and to 
some extent climatic factors, that influence stock dynam-
ics. Under this framework, an overexploited stock in a hos-
tile ecosystem would suffer pronounced impacts per tonne 
removed as compared to a sustainably exploited stock. 
Using the EEZ as a boundary for this contextualization 

Fig. 7  Comparative ecosystem 
quality impacts per 1 tonne of 
fishmeal and 1 tonne of fish 
oil produced by four process-
ing plants and delivered to the 
importing country in 2019 and 
2021. Impacts were assessed 
using three methods: ReCiPe 
(gray bars; Deville et al. 2025), 
the original fisheries impact 
pathway – FIP (solid colored 
bars; Stanford-Clark et al. 2024) 
and the enhanced method from 
this study (striped colored bars). 
Impacts of marine biotic resource 
depletion were quantified using 
global characterization factors 
(CFs) based on relative endemic-
ity (RE) factors, with results for 
fishmeal, and fish oil shown in 
yellow and purple, respectively. 
Numerical values above bars 
indicate percentage contribu-
tion of stock removal to the total 
ReCiPe impact
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Indo-Pacific (Wu et al. 2022), and sardinella in the North-
west African coast (Sarre et al. 2024).

To extend our methodological enhancements to other 
EEZs, LCA practitioners should follow an implementation 
protocol (Figure S24 in the SM). The ideal scenario requires 
data on catch temporal series of ≥17 years, independent bio-
mass estimates for the same period, and biological param-
eters extracted from the literature (i.e., r, K, MSY, BMSY, 
FMSY). In data-limited situations, modeling is still viable 
with only catch series of ≥10 years and prior distributions 
for r and K. However, in these cases, some statistical criteria 
(residual, hindcasting, and biological plausibility analyses) 
cannot be fully applied, resulting in less robust enhance-
ments with higher uncertainty.

3.7  Limitations of the study

Firstly, the spatial resolution of landing data was limited by 
national-level aggregation for each stock except for ancho-
veta, preventing more resolved geographical analysis. Sec-
ondly, the lack of biomass data for skipjack tuna and scallop 
interfered with residual analysis, hindcasting analysis and 
biological meaning criteria within the model performance 
evaluation, leading to higher uncertainty in the computation 
of their CFs. Moreover, we estimated confidence intervals 
for IMARPE biomass data by extrapolating proportions 
from 2.5th and 97.5th percentiles of biomass calculated 
under the CMSY method of the CMSY++ package. A third 
aspect is the absence of annual reporting on by-catch, dis-
cards, and IUU fishing in the Peruvian EEZ (Muñoz-Sovero 
et al. 2026), at least for recent years, which implied that 
these components could not be incorporated into our impact 
assessment and can potentially distort the enhanced CFs.

Methodologically, the study faced three main difficulties. 
The CMSY++ algorithm required a 7-year retrospective 
data window beyond our study time frame to meet statis-
tical testing requirements. We hypothesize that advancing 
in time, our methodology will generate results that better 
fit empirical data. Although the CMSY++ model is robust, 
it carries assumptions that may not be suitable for stocks 
experiencing heavy exploitation pressure.

Furthermore, factors that allow conversion from regional 
to global PDF units had some constraints. GEP values 
lacked uncertainty quantification, while RE and SS calcu-
lations relied on averaged biomass indices due to varying 
temporal coverage of data across EEZs (Pauly et al. 2024). 
In this regard, there was also a trade-off with the RE and 
SS factors, which did not follow the procedure proposed in 
this study. In practice, processing 30 runs (corresponding 
to different initial, intermediate and final B/K prior com-
binations) for >350 stocks required computational power 
that was beyond our current resources. Thus, we focused 

environment for a long time series. The susceptibility of 
biomass and catch to fishing pressure and policy imple-
mentations over time make CF quantification a critical step 
towards environmental assessment that better reflects the 
dynamism of the fisheries. Ignoring these methodological 
aspects can lead to erroneous policies that cause detrimental 
ecological effects decades later.

3.6  Considerations for applying the enhanced 
framework in other exclusive economic zones (EEZs)

Even though this study assesses biotic resource depletion 
impacts within Peruvian maritime boundaries, our statisti-
cal, spatial and temporal enhancements may be applied in 
other EEZs, depending on a set of conditions. The statisti-
cal criteria assessing CMSY++ performance is applicable to 
any fishery using this algorithm, as its estimations provide 
reliable CFs. Although certain criteria (i.e., residual, hind-
casting and biological plausibility) require independent bio-
mass data, model functioning can be improved even in lack 
of such data, as demonstrated by skipjack tuna and calico 
scallop.

Including temporal variability through dynamic CFs is 
relevant for fisheries with oscillating catch and abundance, 
such as those affected by climate or policy changes. How-
ever, we recommend quantifying CF time series instead of 
assuming static CFs in light of two complications when pre-
dicting CF behavior over time: 1) stable catch records are 
not a proxy for stable CFs, as changes in fishing effort and 
environmental conditions can alter other CF data inputs; 
and 2) the stable enhanced CFs we calculated (e.g. skipjack 
tuna) were not necessarily linked to similar catch trends.

The importance of using an EEZ approach was discussed 
in Sect. 3.5, yet we emphasize that this approach is only 
viable where national data on stock status exists, e.g., from 
reported catch and hydroacoustic surveys or other indepen-
dent assessments. In this context, the EEZ approach is less 
suitable for highly migratory stocks, international fisheries, 
and situations lacking national abundance indices. While 
intuitive, using national landings data to calculate CFs 
would underestimate biotic resource depletion since catches 
cover reported and unreported stocks from both national 
and foreign fleets.

The enhanced methodology should be prioritized for 
fish stocks influenced by climatic systems that induce 
immediate and long-term changes in population dynamics 
and fishery patterns. These systems include ENSO, Pacific 
Decadal Oscillation (PDO), North Atlantic Oscillation 
(NAO), Indian Ocean Dipole (IOD), and Southern Annular 
Mode (SAM) (Mondal et al. 2024; Salinger 2013). Exam-
ples include changes in spatial or temporal distribution of 
North Sea cod (Engelhard et al. 2014), yellowfin tuna in the 
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impacts. However, this relationship is complex: while 
strong associations with sea level and dissolved oxygen 
were observed, the response was not uniformly positive or 
negative across stocks and other ENSO indicators. Subse-
quently, hierarchical cluster analysis classified the stocks 
in those recovering from heavy fishing (e.g., hake), under 
growing pressure (e.g., jumbo squid), and showing CF vari-
ability with extreme values. Together, these statistical tests 
demonstrate our method better reflects population dynam-
ics, fisheries management, and climatic influence than the 
original FIP model, yet also indicates enhanced CFs cannot 
fully disentangle complex and nonlinear influence of cli-
matic temporal fluctuations (Section 3.3).

The application of our enhanced CFs in the DHC pro-
duction case study revealed that impacts for several stocks 
fluctuate between climatic events (El Niño vs. La Niña), 
indicating trends that static CFs cannot distinguish. For the 
FMFO case study, the method showed lower impacts rela-
tive to the original FIP framework, and differentiated fish-
eries impacts at facility level. Therefore, our method can 
provide valuable information for certification, labeling, 
corporate decisions, and fishery policy interventions in the 
seafood and aquafeed sectors (Section 3.4).

Our study suggests that accounting for both spatial dif-
ferentiation (e.g., between EEZs) and temporal variability 
in fisheries LCAs is critically important, as climatic driv-
ers and divergent management policies affect stock status 
unevenly  (Section 3.5). For this reason, we recommend 
using the method proposed to recalculate CFs based on 
single-year catch data for the Peruvian EEZ when produc-
tion systems being analyzed, such as the case studies pre-
sented here, require a rigorous quantification of marine 
biotic depletion impacts (e.g., DHC seafood LCAs in Peru 
or aquaculture studies that rely heavily on Peruvian FMFO). 
However, this recommendation may not apply for more 
generalist LCA studies (e.g., human diets). We also recom-
mend following principles outlined in Section 3.6 for decid-
ing which enhancements can be applied to different EEZs, 
while also considering the data limitations discussed in Sec-
tion 3.7.

For future research, we recommend building CF tempo-
ral series for other stocks for which this perspective could 
be meaningful. In the case of the Peruvian EEZ, this will 
require improved stock abundance data acquisition, as this 
is a critical factor that drives the CMSY++ performance and, 
thus, compromises CFs reliability. Finally, to move beyond 
single species impacts, we suggest integrating ecosystem-
level models to account for species interactions (e.g., food 
web interactions).

Supplementary Information  The online version contains 
supplementary material available at ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​0​0​7​​/​s​1​​1​3​6​7​-​0​
2​6​-​0​2​6​2​6​-​z.

on relative proportions of stock biomass and stock distance 
to nature, (K-B)/K, to calculate RE and SS factors, which 
meant only one run for each stock.

Although the CFs presented in our study are notably use-
ful and innovative in the field of LCA, they cannot capture 
ecosystem-level effects, such as food web interactions, due 
to heavy fishing. These aspects remain beyond our scope 
despite being recommended in ILCD guidelines (European 
Commission et al. 2010), discussed by Brown et al. (2025) 
and incorporated in a recent study by Stanford-Clark et al. 
(2025). Besides, the absence of economic allocation param-
eters for DHC fisheries limited the scope of the first case 
study. Finally, the dynamic nature of fisheries needs annual 
recalculation of CFs (integrating enhanced r, K, and B esti-
mates), demanding critical computational resources that 
might limit practical implementation.

4  Conclusions

This study enhanced the FIP model by refining spatial, tem-
poral and statistical methodological foundations, to provide 
endpoint CFs for a series of significant Peruvian fishing 
stocks within the national EEZ. These refinements revealed 
inter-annual variability in biotic resource depletion impact 
assessment in fisheries affected by ENSO variability, fluc-
tuating fishing pressure at sub-stock level (northern-central 
and central anchoveta), and shifting management policies. 
Therefore, this study advances the field towards interna-
tional LCA guidelines, such as those from UNEP-SETAC, 
requesting for context-specific LCIA.

For CF enhancements, CMSY++ model performance 
was optimized using convergence, residuals, prior-to-pos-
terior, retrospective, hindcasting and biological plausibil-
ity statistical criteria. Optimal performances were achieved 
by incorporating biomass time series, adjusted r and B/K 
priors and by reducing the time frame of analysis (Section 
3.1). Although the whole time frame accounts for the entire 
population dynamics, the increasing number of statistical 
criteria met supports the use of a shorter period for more 
accurate estimates.

The resulting CF time series for Peruvian fisheries fluc-
tuated over time, with consistently lower values than the 
original FIP values (Section 3.2). Moreover, the uncertainty 
analysis conducted revealed less dispersion in CF distribu-
tions in the current study. The sensitivity analysis indicated 
CFs are strongly correlated to biomass and catch, which 
implies that the use of moving averages can hide interan-
nual variability of the CFs. Although correlations with typi-
cal ENSO parameters were weak-moderate, peak CF values 
were observed during certain El Niño years, indicating the 
influence of climate phenomena on higher environmental 
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