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Designing environmentally efficient aquafeeds through the use
of multicriteria decision support tools
Ronan Cooney1,2, Alex H. L. Wan2,3, Fearghal O’Donncha4 and
Eoghan Clifford1,2

Abstract
Aquaculture is the fastest growing food production system, and
the sector accounts for more than half of all fish consumed. Its
potential as a sustainable food source has been recognised
within the EU Farm to Fork strategy and by the targeting of EU
Green Deal research funds. Aquafeed is the primary source of
environmental cost in farmed finfish and shrimp life cycle as-
sessments (LCA), and thus, emerging ingredients have a key
role to play in increasing its sustainability. This paper proposes
that the development and ‘design’ of feed compositions can be
disrupted by innovative approaches that simultaneously opti-
mise—via multicriteria analysis— ingredient selection through
leveraging economic, nutritional, life cycle cost and environ-
mental datasets. This would be supported by the ongoing
collection and curation of these same resources. Further, inte-
gration of these disparate resources can enable advanced
ingredient traceability. The outcome of such an approach would
greatly contribute to increasingly efficient aquafeed production.
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Introduction
Aquaculture continues to be the fastest-growing food
production system in the world after almost three de-
cades. In 2018, global fish production was approximately
179 million tonnes, with aquaculture accounting for 46%

of total production and 52% of fish for human con-
sumption [1]. In Europe, The Green Deal and Farm to
Fork strategies point to the need for more sustainable
food production systems that can meet climate change
targets and ensure the protection of the environment
and biodiversity. These strategies, notably Farm to Fork,
introduce new guidelines to promote the sustainable
development of EU aquaculture [2].

The growth of aquaculture has been facilitated by
increased knowledge of fish nutrition and the develop-

ment of extruded feeds. Fed aquaculture contributed
69.5% of 2018 aquaculture output, highlighting the
crucial role of feed in this production system [1]. Feed
(its ingredients, processing and distribution) is one of
the primary inputs for the aquaculture of finfish and
shrimp [3]. Life cycle assessment (LCA) studies have
shown that aquafeed production is often the dominating
contributor to the environmental impact associated with
aquaculture activities [4e8]dTable 1. Highehigh
value aquaculture species (e.g., salmon, penaeid
shrimp and seabass) are often carnivorous, and as such,

require high-protein diets, which traditionally have
relied on fish oil and meal. Recent reviews of LCA and
circular economy studies in aquaculture have high-
lighted a need to develop tools and methods that can
enhance its sustainability [9e11].

The environmental burden associated with feed is not
unique to aquaculture and can be found in pigs,
poultry and cattle production systems [12e14]; how-
ever, terrestrial farmed animal feeds are perceived as less
environmentally challenging than aquafeeds due to the

lower protein requirement (i.e. omnivorous/herbivorous
vs carnivorous fish species). For example, feeds for
poultry are generally no more than 21% protein,
whereas, for rainbow trout (Oncorhynchus mykiss), the
recommended protein level is 43e48% and 55% for
Atlantic salmon (Salmo salar) [15].
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Table 1

Studies highlighting the dominance aquafeed has on the life cycle assessments of farmed finfish and penaeid shrimp production.

Reference [4] [6] [8] [16] [17] [18] [19] [20] [21]

Species Rainbow
trouta,
sea bassb

& turbotc

White-leg
shrimpd

Rainbow
trouta

Rainbow
trouta

Arctic
chare

Atlantic
salmonf

Sea bassb

& seabreamg
White-leg

shrimpd
Atlantic

salmonf

System(s) FTS, RAS
& marine
cages

Hatcheries
& ponds

Freshwater flow-through
system
(FTS) & low
head
recirculating
system (RAS)

RAS,
extensive
& intensive
FTS

Not
specified

Hatchery,
marine
cages
&
processing

Hatchery
& marine
cages

Hatchery
& pond
grow-
out

RAS

GWP (kg
CO2 eq.)

32–86% 40–47% 91% 11–96% 79% 93% 69–77% 34% 30.5%

CED (MJ) 11–72% 38–50% 66.5% – 28% z80% 72–79% – 37.1%
EP (PO4

eq.) h
5–7% 10–12% 34% 3–43% 19% z50% 8–9% – 15%

AP
(kg
SO2

eq.)

29–80% 36–49% 87% 18–98% 86% z90% 69–79% – –

Functional
unit

1 t live fish
produced

1 t live
and 1 t
frozen
tails

1 t fish
produced

1 t of live
fish

1 kg live
weight
fish

1 t and
1 kg of
head-on
gutted
salmon

1 t of live
fish

1 kg of
shrimp

1 t
harvest
ready
fish

Methods CML, CED CML, CED CML, CED CML CML, CED CML, CED CML, CED ISO/TS
14067
& PAS
2050

ReCiPe,
CED

Boundaries Cradle to
farmgate

Cradle to
destination
port

Cradle to
farmgate

Cradle to
farmgate

Cradle to
farmgate

Cradle to
farmgate
& market

Cradle to
farmgate

Cradle to
farmgate

Cradle
to
farmgate

GWP, global warming potential; CED, cumulative energy demand; EP, eutrophication potential, AP, acidification potential; z indicates approximate values.
a Oncorhynchus mykiss
b Dicentrarchus labrax
c Scophtalmus maximus
d Litopenaeus vannamei
e Salvelinus alpinus
f Salmo salar
g Sparus aurata
h In ReCiPe, EP is not expressed as PO4

c-eq. P and N are separated into freshwater and marine EP. Freshwater EP is expressed as kg P eq., and marine EP is expressed as kg N eq.
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Feed use in aquaculture not only accounts for the bulk of
environmental impact but also 40%e70% of monetary
production costs [22,23]. Thus, significant efforts have
been made to source alternative, lower-cost ingredients.
Research has focused on the replacement of fish meal
with cheaper and potentially less environmentally
burdensome ingredients, such as plant by-products,
algae (micro and macro), insects, land animal by-

products and single-cell proteins (including bacteria and
yeast) [18,24e27]. However, these alternative in-
gredients introduce their own disruptions and impacts
on feed supply chains [7,18,28]. The future of sustain-
able fed aquaculture is dependent on the sourcing of
new feed products that ameliorate these impacts.

Alternative protein sources need to meet a number of
criteria if they are to be deemed commercially viable. These
criteria include (i) nutritionally adequate (e.g. digestible
and does not significantly impair fish growth performance or

physiological and health status), (ii) palatable to the fish,
(iii) scalable to commercial levels, (iv) physically stable, (v)
easily handled and stored and (vi) crucially, have lower
environmental and life cycle impacts [29]. Finally, any feed
must meet commercial realities, namely profitability, if they
are to successfully used by feed manufacturers. Given the
complex criteria that feeds are required to meet, there is a
gap in the tools available for feed formulation that balance
economic and environmental efficiencies. This paper pro-
poses a multicriteria decision support tool that leverages
machine-learning techniques [30] and presents a

conceptual framework to interrogate these disparate data-
sets to identify more efficient feed formulations faster.

Towards sustainable feeds—replacing trial
and error approaches
Advanced computational and statistical modelling,
through machine-learning, have been applied to areas
such as medicine [31], renewable energy [32] and
wastewater treatment [33,34] to optimise the design or
operation of various products and processes. Such a step
does not preclude the need for in vivo or in vitro exper-
imental validation but enables a more targeted approach
to the initial selection of product features. This has

demonstrated by efforts during the COVID-19
pandemic, where the role of machine-learning models
led to the rapid development of new vaccines [31,35].
Machine-learning models were used to investigate viral
infection pathways, model biomolecule responses and
aid in the identification of favourable response patterns
within the training data [35].

The use of machine-learning capabilities in aquaculture
has previously been realised in disease detection [36],
water quality monitoring [37], on-site management [38],

farm site selection [39], risk assessment [40] and in
feeding regimes [41]. Machine-learning applications in
aquaculture feed formulation (and indeed other food
sectors reliant on complimentary feed) can provide a
bridge between disciplines such as industrial ecology,

Figure 1

A proposed example of a neural network that interrogates economic, environmental and nutritional factors to learn the composition of efficient feeds. Label
Data node aim to capture animal and site-level use data.
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biology, environmental engineering and nutrition to arrive
at precise aquafeeds. In one conceptual example, the use
of neural networks could allow for the use of meta-datasets
and literature to help design options for a least-cost feed
formulation, which is species-specific, using low environ-
mental impact ingredients, while shortening the supply
chain and optimising fish growth (Figure 1). Such a tool
could leverage large datasets to identify patterns and

generate new formulations that meet the specific needs of
the fish. This multicriteria approach has been investigated
in the literature using linear programming and has been
termed multiobjective formulation [42].

The use of machine learning as part of this formulation
allows for a bolt-on approach to these established
methods and may present new possibilities with regards
to automation and process efficiency while aligning with
emerging policies [2]. By iterating new product pro-
totypes through ‘virtual’ trial and error experiments that

also simulate fish response, the feed development para-
digm can be revolutionised. Emerging trends of explain-
able machine learning can further be used to interrogate
meaningful connections within feed formulations and
associated fish response for enhanced insight [43].

Data availability
The links between aquafeed ingredients, nutritional
profile and environmental impact have been included in
several major feed ingredient studies and databases
[44]. Environmental training data can be sourced from
life cycle inventories such as the ECOALIM database
[45]. The ECOALIM database was designed as a tool,
which could be used by feed manufacturers and LCA
practitioners to investigate the environmental impacts
of a particular aquafeed formulation. While ECOALIM
does not include specific aquaculture feedstuff in-

gredients (i.e. fish meal and oil), it provides a key
example of a resource that can be used as training data
for a machine learning model. The database is a land-
mark in the development of open-access information
concerning feed formulation, impacts and ingredients;
however, it is possible to expand its scope and include
other factors such as economic and final feed production
energy consumption through its easily accessible and
editable format (i.e. a Microsoft Excel file).

In lieu of experimental data, public and proprietary

datasets can be used to develop machine learning
models. For example, nutritional datasets and expected
impacts on the farmed animals can be sourced from
online open-access feed information databases, e.g.
Feedipedia.org [46] Feedtables.com [44] or Iaffd.com
[15]. These systems collate feed data and act as re-
positories for information on established, historical and
emerging feed ingredients. They include statistics on
variability, which can be used for predictive modelling or
uncertainty analysis. Life cycle databases such as

ecoinvent [47] and Agri-footprint [48] can be integrated
with the aforementioned nutritional datasets. In much
the same way as ECOALIM, these life cycle databases
include detailed background information on data un-
certainty, geographical regions and dates on collection
and collation. Economic data on feed ingredients could
be sourced from online databases, price indexes or
through industry partnerships. These industry partner-

ships can be difficult to form due to intellectual prop-
erty rights and commercial sensitivities; however, the
knowledge they generate can significantly advance
topics and open new avenues of research.a

Feed to farm
Farmed aquatic animal nutrient emissions (e.g. faecal
matter and ammonia) from modelled feeds can be
approximated within a machine-learning model. Using
the digestibility models and methods developed by Cho
and Kaushik [49] and Kaushik [50], Papatryphon et al.
[51] developed a nutrient digestibility model capable of
predicting N, P and total suspended solids emissions.
This nutritional model is widely used in the approxima-
tion of fish metabolic wastes in LCAs of finfish aqua-
culture [4,8,21]. The linking between formulation and

use can further expand the scope of machine learning
models in aquaculture, allowing developers to estimate
the impacts across the production chain (raw material,
productionand use). Such data can also be aligned with
data from long-term studies of discharges to water from
aquaculture facilities [52]. This builds on emerging
trends in machine learning to combine real and synthetic
or generated data to improve model training [53].

Extracting relevant data for each of the ingredients from
the nutritional, economic and life cycle datasets can
allow for the first step in the development of a broader

feed design tool. The next step involves transforming
the data into a form amenable for use in specific ma-
chine learning algorithms. Data are aligned into a pair of
row-aligned matrices termed features or inputs and labels
or responses, from which the model learns the complex
mapping between these paired datasets. In this
example, features might include data on nutritional
profile, production cost, supply chain data and envi-
ronmental metrics. Corresponding labels might be Feed
Conversion Ratio (FCR) or fish health indices (e.g. gut
morphology, microbiome and blood immunology). This

step also considers data preprocessing, such as treat-
ment of data gaps, outliers or uncertain data and various
range normalisation steps that might be acted on the
data to eliminate spurious variations that can skew the
learning algorithm [54]. This process is termed feature
engineering and refers to using domain expertise and

a Examples of this are the involvement of the aquafeed company Sparos through the

GAIN project (https://www.unive.it/pag/33897/). Other examples of this include

AllerAqua as part of the FutureEUAqua (https://futureeuaqua.eu/index.php/project/

partners/) and iFishIENCI (http://ifishienci.eu/partners/) projects.
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statistical analysis to extract the most appropriate set of

features for a particular problem from the entire set of
data that may contribute [55]. Some of the actions done
as part of this feature selection process can include
transformations guided by external models and physics-
based approaches that combine multiple datasets into
distinct features (e.g. nutrition digestibility models that
transform feed composition to emission estimates).
Feature engineering is generally considered the most
important consideration to ensure a successful machine
learning model. The follow-on step to this is to train the
model and evaluate its results. A core part of this model

training is adjusting model hyperparameters to best
represent the data. A number of libraries exist to
simplify these hyperparameter optimisation steps, such as
the Lale semi-automated machine learning framework
[56]. Following this, the model generates a prediction
that aims to meet nutritional requirements, optimise
costs and reduce environmental impact. Using such
computational programming approaches, one can un-
cover hidden patterns in complex environmental,

economic and nutritional datasets that can be used to

generate efficient feed formulations faster. This can
improve the efficiency of trial-and-error approaches
(which it should be said are backed up by significant
expertise) and in turn, generate more optimised feeds
that can be tested and embedded into sustainable feed
supply chains. This switch from a model-centric to a
data-centric approach means that there is no restriction
on the type of data that is to be considered and enables
nonlinear relationships to be interrogated.

Discussion and conclusion
The development of a multicriteria decision support
tool is a step to optimise economic costs, maintain the
nutritional value and nutrient digestibility while mini-
mising the environmental impacts (Figure 2). Assessing
these factors rapidly in a simulated manner can enable

feed manufacturers and researchers to disrupt the feed
development process, optimise the design of feeds
before the trial stage, and target the design of feeds with
specific priorities in mind.

Figure 2

A conceptual schematic for the development of a multicriteria sustainability tool for aquafeed production and formulation.
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This tool should be grounded in life cycle thinking. As
such, it is necessary to expand the boundaries of the tool
and connect it with other previously proposed machine
learning-based applications and tools. Such an expansion
would allow for the accounting of direct, indirect and
induced impacts, which feed production and use, can
have on the life cycle of aquaculture products. Efficient
feed formulation can only increase the sustainability of

aquaculture so far. Poor feed management at the farm
level can result in nutritional deficiencies in the stock
and/or excessive nutrient loading to the water system.
This can introduce or exacerbate the spread of disease
within the farmed fish stock, leading to increased
feeding requirements and higher environmental bur-
dens (e.g. due to chemical treatments to ameliorate
health concerns, eutrophication processes from excess
feed deposition). This farm-level data can be connected
with explainable machine learning tools that allow
stakeholders to interrogate both the generated feed

formulations, the underlying reasons that make these
formulations the optimal choice and optimal manage-
ment practices [57].

A finalised or commercial version of the discussed
approach could include the use of blockchain to increase
traceability and security through the supply chain while
meeting consumer or market demands. Blockchain has
in recent years become a popular means of ensuring the
providence of ingredients and products [58]. Its inclu-
sion and use in aquafeeds can help to bolster consumer
confidence and perceptions in the face of negative
publicity, such as those surrounding supply chains of fish
meal [59,60]. With more food products and production
systems using blockchain as a means of increasing

traceability, its inclusion into the aquafeed production
chain can position aquaculture as a prime example of a
resource-efficient and traceable food production system
[61]. This combination of efficient feed and advanced
traceability of the final farmed product could appeal to
environmentally conscious consumers. While also
meeting the requirements of emerging food security and
traceability legislation, e.g. EU Regulation 2018/775 and
the European Union Farm to Fork strategy [2,62].

The linking of LCA, nutritional data, production pro-

cesses, traceability and economics has significant poten-
tial as a disruptive innovation to enhancing the
sustainability of farmed finfish and shrimps. The adopt-
ing of a data-centric rather than model-centric approach
introduces a paradigm shift where the large volumes of
(training) data available allow a machine learning model
to learn the pertinent (nonlinear) relationships and
mappings between given inputs and outputs. This
approach has enormous advantages in terms of simpli-
fying deployments and allowing models to be applied to a
wide variety of feed formulations (since only the data

changes). Semi-automated machine learning frameworks

such as Lale [56] could be used to simplify further model
development. By using a data-centric approach, there are
no restrictions to data that can be considered. The
application of machine learning to the questions posed by
sustainable feed formulation opens up the field to a
technology that has made enormous strides across mul-
tiple industries over the past decade.

This article outlined and presented the benefits for the
interlinking of economic, nutritional and environmental
impact datasets to develop an innovative framework for
feed formulation design for farmed aquatic animals
using machine learning. There are numerous datasets
and databases available to develop the structure and
tools necessary to implement such a system, the bene-
fits that this avenue of research has to offer can increase
the sustainability of aquaculture and strengthen its role
in feeding the world.
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