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ABSTRACT

The world food system is characterised by millions of diverse producers yet approaches to
increase productivity and environmental sustainability that are effective in light of this remain
underexplored. Here | present data revealing that the environmental impacts and productivity
of different producers are highly variable. I then present evidence that an effective approach to
improve outcomes given this heterogeneity would require environmental and productivity
monitoring by each producer and communication of this information up supply chains and
through to consumers. With colleagues, | develop an environmental science toolkit to enable
producers to monitor their environmental impacts and a filetype to represent agri-
environmental data which would support producers to communicate their impacts. | then
explore how an environmental impact labelling scheme could trigger the creation of this
measurement and communication system while also incentivising substantial behavioural
change. Overall, this thesis develops, and then starts delivering on, a sustainability and

productivity solution for agriculture.
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“Nature has introduced great variety into the landscape, but man has displayed a passion for
simplifying it. Thus he undoes the built-in checks and balances by which nature holds the

species within bounds.”

— Rachel Carson, Silent Spring

“But heaven and earth was teeming around them, and how should this cease? They felt the rush
of the sap in spring, they knew the wave which cannot halt, but every year throws forward the

seed to begetting, and, falling back, leaves the young-born on the earth.”

— D.H. Lawrence, The Rainbow

“She glances more and more into nothing not realising the love behind her.”

— Yapacc ft. Antonia Serra via Guy J, Summer Moments
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Chapter 1: Introduction

1.1. Theoretical background

Agricultural diversity can be defined as variability over time and space in the production
practices used by farmers, the crops and animal products they produce, and the bio-physical
structures of farms (e.g., soil types, rainfall, or remnant natural vegetation). There could be
high or low diversity within a farm (Figure 1.1), across a landscape formed of many farms,

and/or over time (e.g., if farms use continuous or diversified crop rotations).

Today, the diversity of the global agricultural production system is very high compared to other
sectors of the economy. Worldwide, there are 570 million farms, cultivating around 7000 crop
species and 40 animal species, operating in almost all geographies, climates, and soil types,
using a wide range of production practices, and using land at varying intensities (FAO, 2014;

Khoshbakht & Hammer, 2008; Rege & Mwai, 2006).

However, the idea of understanding and working with agricultural diversity does not seem to
be widely held by researchers, businesses, and policymakers. Instead, the prevailing approach
is to identify solutions to increase productivity and reduce environmental impacts which can
be applied across the entire sector. There have been two contrasting consequences of this:

1) Farms often have to change their physical structure in order to adopt technologies and
practices that are not tailored to the farm. The effect of this, along with other structural
drivers such as the benefits of economies of scale, is increasing the homogenisation of
agriculture at the global scale (IPES-Food, 2016). Because agriculture is the largest
land use on earth (Foley et al., 2011) this is having tremendous consequences for nature.

2) In areas with high agricultural diversity to start with, and where farms are less able to
change their structure (e.g., due to a lack of capital to install irrigation or drainage),

cross-sectoral solutions have been less widely adopted and have been less effective.
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Figure 1.1. llustrative examples of agricultural diversity within the same farm. (A-E)
Relatively high diversity. (F-J) Relatively low diversity. (A) A mulberry-rice intercropping
system in Zhejiang, China (credit: Gongyin Ye). (B) A rice-aquaculture system in Subang,
Indonesia (credit: Kembangraps via Wikimedia Commons). (C) A coffee plantation mixed
with native trees in Costa Rica (credit: PxHere). (D) A vegetable farm in Oxfordshire, UK
(credit: Permaculture Network, Tolhurst Organic). (E) Cereal and vegetable production in
Kwa-Zulu Nata, South Africa (credit: Trevor Samson/World Bank via Flickr). (F) Maize row-
cropping in Albacete, Spain (credit: Joseph Poore). (G) Soybean row-cropping in Mato Grosso,
Brazil (credit: Jose Moraes via iStock). (H) Cattle grazing on large fields sown with grass in
Bavaria, Germany (credit: PxHere). (1) Large-scale aquaculture in Fayoum, Egypt (credit:
Samuel Stacey/Worldfish via Flickr). (J) Centre pivot irrigation in Washington state, USA

(credit: Sam Beebe via Wikimedia Commons).

The technologies of the Green Revolution of the mid-20" century — mechanisation, high-
yielding dwarf crop varieties, synthetic fertilizer, synthetic pesticide, and irrigation — illustrate
these two contrasting effects particularly clearly. Overall, these technologies have delivered
major productivity gains: between 1961 and 2019 the number of kilograms of food produced
per person increased by nearly half, despite the global population increasing 2.5-fold
(FAOSTAT, 2021). However, the farms that adopted these technologies often had to change
their physical structures, leading to homogenisation (Table 1.1). For example, to use combine
harvesters, hedgerows dividing fields have been cleared to provide machinery access, while
synthetic fertilizers have replaced a function formerly fulfilled by farm animals, dramatically

reducing the number of mixed crop-animal farms in many regions.

On the other hand, agricultural diversity has likely been one driver amongst many others which

has affected the benefits and adoption of the Green Revolution technologies (Table 1.1). In
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India for example, Green Revolution productivity gains were unequal: small farms and farms
on sub-optimal sites fared far worse (Conway, 1999). African cereal yields are currently
around 64% lower than the rest of the world, and some have put this down to the high diversity
of African agricultural systems that makes many technologies difficult to deploy and of
variable effectiveness (Frison, 2008; Macours, 2019; Voortman, 2013). In Africa there are
many small farms, on soils with differing micronutrient needs, with slopes, aspects, and
microclimates that can change over short distances, and a wide range of different crop diseases
are present. Further, many farmers lack capital to change the structure of their farms, such as

by installing irrigation.

Table 1.1. The effects of 1) productivity-enhancing technologies on agricultural diversity,
and 2) agricultural diversity on the adoption and effectiveness of productivity enhancing
technologies. This list focuses on the major Green Revolution technologies. The effects of
other major practices and technologies, such as grassland improvement, drainage, and
increased density of uniformity of cropping, are discussed elsewhere (Benton et al., 2003;
IPES-Food, 2016). This table is not a comprehensive overview of the reasons for agricultural
practice adoption and instead focuses on interactions with agricultural diversity; a

comprehensive overview can be found in Magruder (2018).

Technology  Effects on Agricultural Diversity Effects of Agricultural Diversity on

or Practice Where Adopted Their Adoption and Effectiveness
Modern ¢ Increased the need for large fields e Modern machinery has been
machinery with easy access, leading to the minimally adopted in sub-Saharan
(e.g., combine clearance of field boundaries Africa, which is partly due to
harvesters) (White & Roy, 2015). For small farm and field sizes (Daum
example, ~60% of hedgerows & Birner, 2020). Specifically, over
were removed between 1940 and 60% of farms are less than one
2000 in England and Wales, hectare in sub-Saharan Africa,
primarily to enable machinery while 50% of fields are less than
access (Robinson & Sutherland, 0.64 hectares (Lesiv et al., 2019;
2002). Lowder et al., 2016), and there

were just 221,000 tractors in
Africa in 2000 compared to nearly
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Technology  Effects on Agricultural Diversity Effects of Agricultural Diversity on
or Practice Where Adopted Their Adoption and Effectiveness
8 million in Asia and 11 million in
Europe (Sims et al., 2016).
Highyielding e Green Revolution breeding e Few high-yielding varieties were
varieties focused on high yielding crop available for variable African
varieties and primarily three crops:  climatic and soil conditions, and
rice, wheat, and maize (Conway, the local demands of consumers.
1999). There is evidence that crop This has limited their adoption.
genetic diversity is decreasingata  Only recently have high-yield
global level (Aguilar et al., 2015; sorghum, millet, and cassava
Khoury et al., 2022) and the types varieties become available
of food produced are becoming (Pingali, 2012).
more homogenous (Khoury etal., e The promotion of high yielding
2014). This may have affected European dairy cross-breeds in
human nutrition and made the Africa and Asia has had limited
food system more vulnerable to success as this approach failed to
shocks (IPES-Food, 2016). account for local conditions (Widi,
¢ Animal breeding has also 2015).
developed a small number of high
yielding varieties for industrial
conditions, and these breeds have
now replaced most local breeds
globally (Groeneveld et al., 2010)
Synthetic ¢ Reduced the need for mixed farms e Nitrogen and phosphorus
fertilizers which provide fertilizer as manure  fertilizers have been less effective
and slurry. By ~2010, mixed crop-  and much less widely adopted in
animal farms occupied less than sub Saharan Africa because soils
10% of farmland in Europe and are far more variable and have
the USA, despite being the greater needs for micronutrients
dominant farm type around 1900 (Voortman, 2013).
(Garrett et al., 2020).
e Reduced the need for fallow
periods and nitrogen fixing crops
to build soil fertility.
Synthetic ¢ Reduced the need for varied crop e The adoption of synthetic
pesticides rotations to break pest cycles. For pesticides is mainly affected by

example, the number of crops
produced per farm decreased from
5.1in 1900 to 1.2 in 2002 in the
United States (Dimitri et al.,
2005).

constrained by cost and
accessibility rather than
agricultural diversity (Grzywacz et
al., 2014). However, their
effectiveness is likely lower in
diverse agricultural systems; for
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Technology  Effects on Agricultural Diversity Effects of Agricultural Diversity on

or Practice Where Adopted Their Adoption and Effectiveness
e Possibly reduced the need for example greater integration of
natural habitat to harbour pest agriculture with natural
predators. ecosystems reduces the need for
synthetic pesticides (Grzywacz et
al., 2014).
Irrigation ¢ Reduced seasonal variance in e A more diverse range of crops,
agricultural areas (Benton et al., including rainfed or drought
2003). tolerant ones, decreases the need
o Allowed types of agriculture to for irrigation and benefits of
occur in places that are adopting it.

disconnected from natural
conditions (e.g., Saudi Arabia).

While slowly, businesses, consumers, and policymakers are making changes to cut their
greenhouse gas emissions. However, some of the climate change mitigation solutions proposed
could bring a new wave of agricultural homogenisation. On the other hand, agricultural

diversity could affect the adoption and effectiveness of these solutions (Table 1.2).

Table 1.2. The potential effects of 1) climate change mitigation solutions on agricultural
diversity, and 2) agricultural diversity on the adoption and effectiveness of climate change
mitigation solutions. This is an illustrative list based on the 2014 IPCC “Mitigation of Climate

Change” report (Intergovernmental Panel on Climate Change, 2014).

Solution Effects on Agricultural Diversity Effects of Agricultural Diversity on
Where Adopted Their Adoption and Effectiveness

Substitution e Many of the new plant-based meat e Soils and climate in some areas
of meat and and dairy substitutes are based on means producing vegetable
dairy for just a handful of crops (primarily proteins is difficult (e.g., the
vegetable field peas, soybeans, oats, and Mongolian steppe).
proteins wheat).
Greenhouses e Increases in the area under ¢ Only a subset of crops can be
and vertical greenhouses would create produced in greenhouses, and even
farms expanses of homogenous urban fewer in vertical farms.

area to the near complete
exclusion of nature.
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Solution Effects on Agricultural Diversity Effects of Agricultural Diversity on
Where Adopted Their Adoption and Effectiveness
Bioenergy e Only a small number of crops are e Not all soils, climates, and local
from crops currently being used at scale for markets are suitable for profitably
bioenergy: maize, sugarcane, growing bioenergy crops (Cronin
rapeseed, and sorghum. et al., 2020).
Intermittent e Precludes traditional systems e May be linked to lower grain yield
flooding of which integrate fish, ducks, and and quality, and have negative
rice nitrogen fixing water plants such impacts on nitrogen dynamics and
as Azolla ssp. pest management in some contexts

(Massey et al., 2014).
No-tillage and e Increases the need for other forms e The effects of no tillage on soil

residue of weed control which is often met  carbon and crop yields differ

retention with the same broad-spectrum depending on soil and climate
herbicides (e.g., glyphosate), among other factors (Haddaway et
reducing the richness and al., 2017; Ladha et al., 2016).
abundance of wild plants. e Many farms require residue (e.g.,

straw) for animal feed or bedding.

Studies have found that decreasing agricultural diversity, mainly measured in terms of reduced
field sizes or less varied crop rotations, has had substantial negative effects on local biodiversity
(Benton et al., 2003; Collins & Fahrig, 2017; Ekroos et al., 2019; Fahrig et al., 2015; Hass et
al., 2018; Kirk et al., 2011; M. B. Lee & Goodale, 2018; Martin et al., 2020; Monck-Whipp et
al., 2018; Novotny et al., 2015; Palmu et al., 2014; Priyadarshana et al., 2021; Raderschall et
al., 2021; Reynolds et al., 2018; Salek et al., 2021; Sirami et al., 2019; Zhou et al., 201 8). Some
studies have also been able to directly control for the effects of other practices that tend to
correlate with decreasing agricultural diversity, such as increased synthetic pesticide use, again
finding that decreasing agricultural diversity has major negative effects (Chiron et al., 2014;
Martin et al., 2020). In particular, the removal of hedgerows, ponds, and non-cropped areas has
been an important driver of the decline in wild insects and birds; the increased homogeneity of
crop varieties and the increased density and uniformity of crop stands has negatively affected

a wide range of wild species, particularly insects; and the reduced seasonality caused by
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irrigation has negatively affected many wild bird species (Benton et al., 2003; Fahrig et al.,

2011).

The same technologies which have reduced agricultural diversity have also increased crop
yields and animal productivity in many regions, and some have claimed that higher yields have
prevented deforestation elsewhere (Burney et al., 2010; Stevenson et al., 2013) potentially
reducing net global biodiversity loss had these practices not been adopted (Fischer et al., 2008;
Green et al., 2005). However, the main goal of most productivity-enhancing technologies is to
make farms more profitable, less labour intensive, and to keep food prices low. For example,
in the USA, one hour of wages in the manufacturing sector bought ~4kg of flour in 1900
compared to ~22kg in 2000 (Ritchie & Roser, 2021). Lower food prices have increased food
consumption (which has both reduced hunger and increased obesity (Godfray et al., 2010;
Sturm & An, 2014)), increased food waste (Rutten, 2013), and increased the mass production
of cheap meat from grain (Godfray et al., 2018). The net effect of this, combined with growing
human populations, has been the large scale clearance of land for agriculture (Curtis et al.,
2018; Ellis et al., 2020). To date, as productivity has increased, so has land clearance for
agriculture (Ewers et al., 2009; Kremen, 2015; Rudel et al., 2009). Evidence that the major
productivity enhancing technologies have reduced overall environmental impacts is therefore

tenuous.

In summary, while agricultural diversity remains high today, it is declining, in part because
over the last hundred years, the same productivity-enhancing practices and technologies have
been deployed across the entire sector. It could decline further if sector-wide sustainability
solutions are pursued. This declining agricultural diversity has negative consequences for
biodiversity. On the other hand, where agricultural diversity is high, the adoption and

effectiveness of many productivity-enhancing technologies has been limited. This may be a
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reason why the Green Revolution had limited success in Africa. Agricultural diversity could

also make many sustainability solutions less effective too.

To present this story about agricultural diversity is not to simplify the reasons why the Green
Revolution had limited benefits in Africa, nor to criticise promising environmental or
productivity solutions, nor to simplify the reasons behind the current biodiversity crisis.
Instead, it is to elevate the importance of considering agricultural diversity when designing

solutions to increase food security and environmental sustainability.

1.2. Goals of this thesis

This thesis has three goals:

1) To explore how agricultural diversity affects the environmental impacts and
productivity of farmers and agricultural supply chains.

2) To explore productivity and sustainability solutions that are effective given agricultural
diversity.

3) To develop new methods to represent and work with agri-environmental data from

diverse producers and complex food supply chains.

At the same time, | have aimed to ensure that each chapter of this thesis supports the delivery

of changes in consumer behaviour, producer behaviour, and policymaking.

1.3. Methodological approaches used

1.3.1. Environmental issues assessed

Agriculture causes multiple environmental issues, and is in fact, a leading cause of most of the
environmental problems humanity creates (Campbell et al., 2017; Foley et al., 2005, 2011).
Specifically, agriculture is a major cause of: biodiversity loss; deforestation; climate change;;

terrestrial acidification; freshwater, marine, and terrestrial eutrophication; particulate matter
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emissions; ecological and human toxicity; smog (especially through crop residue burning);
accelerated soil erosion; salinisation; water scarcity; phosphorus scarcity, and to some extent

stratospheric ozone depletion (through agricultural N2O emissions).

An assessment of agriculture’s environmental impacts should ideally consider multiple issues
to reflect the multi-dimensional nature of environmental problems and reflect possible trade-
offs between improving one issue and worsening another. A weakness of many producer- and
product-specific studies is that they only consider one environmental issue. For example, there
is a large “carbon footprinting” literature where studies only report the greenhouse gas
emissions of products (R06s et al., 2013). There are also “water footprinting” and “land
footprinting” literatures too (Gerbens-Leenes et al., 2002; Hoekstra et al., 2011). On the other
hand there are studies which quantify indicators for ten to twenty different environmental issues
(Nemecek et al., 2005; Nemecek, Bengoa, et al., 2015). However, considering many
environmental issues tends to make communication of results more complicated and means
that more data are required to quantify these issues. This higher data requirement then affects

the number of products or producers that can be assessed.

In Chapter 2, | focus on five environmental issues: land use, climate change, terrestrial
acidification, freshwater and marine eutrophication, and water scarcity. These issues are chosen
because they reflect areas where “planetary boundaries” may have been exceeded or are likely
to do so (Steffen et al., 2015; Tuomisto et al., 2012) and where agriculture is a major known

driver of these issues (Campbell et al., 2017).

Land use is not an environmental issue in itself, but in general, greater agricultural land use
leads to natural habitat loss, loss of natural ecosystem function, and biodiversity loss
(Alkemade et al., 2009; de Baan et al., 2012; Newbold et al., 2015). Converting land to
agriculture in different locations has different consequences for biodiversity depending on how

rich the biodiversity is in a certain location under natural conditions and how threatened
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different species are in that location (de Baan et al., 2013), and many different approaches have
been developed to quantify the biodiversity effects of land transformation and land occupation
at the level of specific producers and products (Winter et al., 2017). A major challenge is that
the results from these approaches have yet to be reconciled to other well-grounded biodiversity
indicators, such as the number of species on the IUCN red list or the changes in global
biodiversity estimated through meta-analysis and modelling approaches (Newbold et al.,
2015). | therefore chose not to present biodiversity loss data in this thesis due to this lack of
reconciliation which is a fundamental shortcoming. However, Chapter 3 creates an online
resource which contains biodiversity impact data for specific producers and products calculated

using biodiversity models and leaves it to users of the platform to decide how to work with it.

Another major limitation is my omission of pesticide toxicity data from this thesis. Global
agricultural pesticide use is at its highest recorded levels, with 4.2 billion kilograms of active
ingredient used in 2019 (FAOSTAT, 2021). While some of the most ecologically toxic
pesticides have been banned (e.g., organochlorides through the 2001 Stockholm Convention)
there is evidence that these bans have simply shifted the toxic effects of pesticides from birds
and mammals to plants and invertebrates (Schulz et al., 2021). The data | was able to access
describing farms and their practices did not have sufficient information on pesticide usage split
out by pesticide brand or active ingredient, and a key focus of Chapter 3 is to enable the

consistent representation and storage of pesticide usage data for specific farms.

In Chapter 4 I include a broader discussion about how to choose which environmental issues
to assess, arguing that for businesses and policymakers, it is more practical to quantify a smaller

set of issues and manage the issues not quantified with minimum performance standards.

1.3.2. Productivity issues assessed
Agricultural productivity is a measure of the quantity or value of crops and animal products

produced per unit of a resource such as land or labour (Sadras et al., 2015). Productivity issues



Chapter 1 12

can occur across all crops or animals, certain crops or animals, and/or in certain years and

regions.

A range of agricultural productivity issues require research and resources. In sub-Saharan
Africa, low production per unit of land is thought to be a leading cause of hunger (FAO, 2021c;
Sanchez, 2002) (although internationally, food distribution is the problem because we already
produce enough to feed everyone (FAOSTAT, 2021)). Variable productivity in Africa, largely
due to droughts affecting harvests, is also a major driver of acute hunger and famine (FAO,
2021c). Low productivity of certain nutrient rich foods can cause malnutrition (IFAD, 2014)
and around 22% of children suffered from stunting linked to malnutrition worldwide in 2020
(FAO, 2021c). Low agricultural value per unit of labour is also a major cause of poverty (Sachs

et al., 2004).

In Chapter 2 | focus on the productivity of agricultural land, captured through the land use
indicator. Land use provides an alternative and more holistic metric for agricultural
productivity than crop or animal yields per hectare because it accounts for uncultivated periods
such as long fallow periods, unproductive periods such as orchard establishment, for multi-
cropping, and for multi-year production cycles (like beef production). A definition of the land

use indicator is provided in Materials and Methods, Section 6a. In Chapter 2 we also include

basic nutritional information to support comparisons between different but nutritionally
comparable products; e.g., we use the indicator “land use per 100g protein” for different
protein-rich products, or “land use per 1000kcal” for starch-rich crops (Cassidy et al., 2013).
In Chapter 3 we explore the land use indicator in more depth using a case study. In that Chapter
we also present a data structure that also allows economic indicators, such as revenue and costs,
to be stored in a consistent way. In Chapter 4 | discuss and environmental impact label which
represents environmental impacts per unit of product. There are three ways to improve

performance: reduce environmental impacts (the numerator) while holding production the
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same; increase production (the denominator) while holding environmental impacts the same;
or reduce food losses and wastage in the supply chain. Put differently, the label presented in
Chapter 4 measures “sustainable intensification” which is defined as a process to “achieve
higher agricultural yields whilst simultaneously reducing the negative impact of farming on the

environment” (T. Garnett et al., 2013; Godfray, 2015; Godfray & Garnett, 2014).

1.3.3. Approaches used to quantify the environmental issues

Environmental issues occur when the total emissions of a substance, the use of a resource, or
the change in population or function of a wild species causes damage to living beings or natural
ecosystems as a whole. Environmental issues can either be quantified at source (e.g., 250kg
CO- emitted per hectare from a farm when agricultural limestone is applied and hydrolyses),
quantified after they have aggregated to the regional or global level (e.g., 420 parts per million
of atmospheric CO>), or quantified in terms of their effect (e.g., 1 degree Celsius of global

warming compared to pre-industrial times).

Because the focus of this thesis is on specific producers and their products, | use methods which
quantify environmental issues at source. Where possible, the indicators are aggregated to the
global level or national level to check whether the data reconcile to known global or national

totals (supplementary materials for Chapter 2 and Chapter 3). A limitation of prior studies is

that they did not perform these global reconciliations (Clune et al., 2017; Tilman & Clark,

2014) creating uncertainty about whether their results are representative.

To quantify environmental issue at source, they can either be directly measured or modelled.
Examples of direct measurement are: lysimeters to measure nitrate leaching below agricultural
fields; measuring water consumption with water meters; or using mark-recapture methods to
estimate species abundance. There are a few examples of multi-indicator studies using
measured data and they tend to be limited to certain regions or products (Ladha et al., 2016).

Instead the general approach is to use meta-analysis to generalise measured data from many
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studies to the global or regional level (Newbold et al., 2015; Stehfest & Bouwman, 2006). A
strength of studies or meta-analyses using primary data is their data quality and potential to
quantify environmental issues without modelling error, but a limitation is that these studies

generally focus on a small number of indicators.

Examples of modelling approaches include: the DNDC model for quantifying soil emissions
including nitrate leaching (University of New Hampshire, 2012); or models for estimating
biodiversity loss detailed in the LC-Impact guidelines (Verones et al., 2016). These models are
generally built by statistically relating data on soil and climate measurements, agricultural
inputs, and production practices to measured environmental outcome data. To date, prior
studies have applied these models to national or regional statistical data to generate estimates
of national or global environmental impacts (Crippa et al., 2021; Janssens-Maenhout et al.,
2017; Springmann et al., 2018). However, however a limitation is that they only assessed
national impacts rather than producer-level impacts. Other studies have applied these models
to producer specific data, but a limitation of these studies is they only considered a small
number of products or producers (Nemecek, Bengoa, et al., 2015) or a large number of

producers but for specific products and countries only (Cui et al., 2018).

In this thesis, I mainly use primary data describing producers’ inputs, practices, and products,
sometimes gap filled with secondary data (for example using geospatial datasets to add climate
measurements), and then apply models to calculate environmental impacts. Using models is
currently the only feasible way to quantify environmental impacts across many producers in
many regions. However, models for certain emissions and resource uses have not yet been
developed and in Chapter 2 | build new models to close gaps in the literature: a nitrate and
ammonia leaching model based on a meta-analyses of 91 studies; new models for methane

emissions and nutrient losses from aquaculture systems (supplementary materials for Chapter

2); and enhancements to models that others had built to estimate deforestation and soil carbon
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stock changes. In Chapter 3, colleagues and | report a technical advance which creates a single
data format to represent both measured and modelled data in the same data format. This will
better enable meta-analyses of measured data in the future, enable easier model building, and
also enable analyses that blend modelled and measured data. In Chapter 4 | discuss how
modelling environmental impacts provides a globally scalable way for farmers to quantify and

manage their sustainability.

Life Cycle Assessment (LCA) provides a framework to sum up multiple emissions and
resource uses created throughout a supply chain into final indicators called “midpoint” or
“endpoint” indicators (Cucurachi et al., 2019). The processes for conducting LCAs have been
standardised by the 1SO guidelines in particular 1SO 14040:2006, ISO 14041:1999, I1SO

14042:2000, and 1SO 14043:2000.

Midpoint refers to a stage where multiple different emissions or resource uses begin sharing a
common environmental mechanism (Goedkoop et al., 2009; Verones et al., 2016). For
example, each nitrogen and phosphorus emission released to freshwater may have different
bio-chemical pathways, but at some point, they will likely cause eutrophication. To represent
this, each emission into water can be multiplied by a factor representing its freshwater or marine
eutrophication potential and can then be summed into final midpoint indicator representing
total freshwater or marine eutrophication potential. This creates a single metric from multiple
emissions, making it easier to interpret and use, and providing a summary measure of the

environmental problem in question.

There are generally three endpoint indicators: damage to ecosystems (sometimes measured as
species destined to extinction per year); damage to human health (often measured in terms of
disability adjusted human life years); and resource depletion (often measured in terms of a
resource such as antimony). Midpoint indicators are converted into these common units using

weights based on their effect on each endpoint indicator. The converted midpoints are then
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summed into a final single score for each endpoint. For example, each litre of freshwater
withdrawals in each river basin will cause a certain amount of biodiversity loss. Leading
approaches for endpoint analysis include ReCiPe (Goedkoop et al., 2009) and LC-Impact
(Verones et al., 2016). However, the main limitation of these methods is that they have not yet
been reconciled to other datasets estimating global biodiversity loss (such as the IUCN Red
List) or reconciled to datasets on human health impacts (such as the Global Burden of Disease

dataset).

All chapters use or recommend using Life Cycle Assessment as this is the most widely accepted
and theoretically robust method for full supply chain multi-indicator assessment. Chapter 2
uses midpoint indicators only as we did not include enough midpoint indicators to quantify
endpoint indicators, and because there is a lack of research on the ability of endpoint methods
to predict actual outcomes (e.g., observed species loss). Chapter 3 presents a calculation toolkit
which calculates both midpoint and endpoint indicators. Chapter 4 discusses the value of using

endpoint indicators to prioritise and weight different midpoint indicators.

Remote sensing is another approach which could potentially quantify agricultural diversity,

and it has been used to quantify environmental Figure 1.2. Overall accuracy plotted
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cropland, pastureland, crop types, or hedgerows) or variables of interest (e.g., crop yield).
However, there are some major challenges with using remote sensing to characterise
agriculture and its diversity. Firstly, with each additional class or feature that is added to the
classification, the accuracy of the classification deteriorates (Figure 1.2), and multiple classes
would be desirable to characterise agricultural diversity. Correcting for loss of accuracy
generally requires more training and validation data, and such data are cost and time intensive
to amass. Secondly, there are major challenges in differentiating grasslands grazed by
domesticated herbivores from grasslands grazed by wild herbivores. This is a serious problem
because pastures and rangelands are the largest type of agricultural land, covering 33% of the
world’s land surface according to some estimates (Ellis et al., 2020). Thirdly, while prior
research has characterised agricultural diversity by estimating spatial metrics from satellite
images (such as the contrast between pixels), this makes a major and currently untested
assumption that these simple metrics reflect agricultural diversity (X. Liu et al., 2020; Tuanmu
& Jetz, 2015). Fourthly, another research project merged multiple geospatial maps that had
already been classified and used clustering to identify different agricultural systems, but this
only identified 86 distinct terrestrial systems which the authors recognised was too low (Bossio
et al., 2021). Hence, despite the potential of remote sensing to address the goals of this thesis,
| largely exclude it because of these limitations. | use remotely sensed data for other purposes
including ascertaining climate data in Chapters 2 and 3. In Chapter 4 | discuss how remotely

sensed data could be used to validate farmer reported crop yields or other data.

1.3.4. Assessing outcomes beyond environment and productivity

This thesis focuses on environmental impacts and agricultural productivity, considering the full
food supply chain (from input production to food retail), and Chapter 4 uses a review of
empirical studies on behaviour change by businesses and individuals. Despite this broad scope,

and the focus on stakeholder decision making, multiple aspects of the food system are not
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explored quantitatively or in depth, for example national level economic or social aspects of
adopting environmental impact labelling, or the implications of focusing on environmental

impacts for animal welfare.

In Chapter 5 in particular, I use a food systems approach as a framework to qualitatively explore
the effects of the proposed environmental and productivity solutions for different stakeholders.
I also use a food systems approach to contextualise the overall findings of this thesis and deliver
a more nuanced discussion. In Chapter 2 I consider multiple stakeholders and trade-offs when
exploring the mitigation framework and in Chapter 4 | explore how an environmental impact

labelling scheme could become widely adopted and also to explore potential adverse effects.

A food systems approach can be defined as one that gathers “all the elements (environment,
people, inputs, processes, infrastructures, institutions, etc.) and activities that relate to the
production, processing, distribution, preparation and consumption of food, and the outputs of
these activities, including socio-economic and environmental outcomes” (High Level Panel of
Experts on Food Security and Nutrition (HLPE), 2014). Figure 1.3 presents the food systems
framework used, which includes drivers, activities, and outcomes. It is based on prior research

(Ericksen, 2008; Ingram, 2011) with three changes:

1) Animal welfare/suffering is included as an outcome given there are tens of billions of
sentient animals involved in agricultural production.

2) Food systems outcomes are framed in both positive and negative language (rather than
just positive language like “wealth” and “employment” (Ericksen, 2008; Ingram,
2011)). An example of a negative outcome is the poverty trap created for millions of
farmers whose farms are too small and unproductive to generate surplus income for
their families to invest in education or health (Sachs et al., 2004).

3) The food system is situated in the context of the broader economic system by indicating

the share of agriculture relative to other sectors for employment, GDP, and
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environmental issues. This is important because the contribution of agriculture to GDP
and employment shrinks as economies industrialise, reaching on average less than 1%
of GDP and 3% of employment in high-income countries. This implies that trade-offs
between economic and social goals, on at least the GDP and employment indicators,
decline as economies industrialize. It is also important because it indicates that solutions
to food systems problems can come from outside of the food system. For example,
while increasing productivity in agriculture may help with smallholder poverty traps,
the main poverty alleviating solution that has been realized in every industrialised

country worldwide is new employment opportunities in industry and services.
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Figure 1.3. Food system outcomes to related to their activities, drivers, and feedbacks.

GDP and employment data from World Bank (2022), environmental data from Chapter 2.



Reducing agriculture’s environmental impacts through diverse producers 21

1.4. Chapter summaries

Chapter 2: Reducing food’s environmental impacts through producers and consumers.
In this Chapter, Thomas Nemecek and | explore how environmental impacts and productivity
vary across different food producers and products. To do this, we use a meta-analysis of 750
Life Cycle Assessment (LCA) studies, reporting data on 38,700 farms and 1600 processors,
packaging types, and retailers, in 120 countries, and covering five environmental impact
indicators: land use, greenhouse gas emissions, terrestrial acidification potential, freshwater
and marine eutrophication potential, and scarcity weighted water use. The land use indicator
serves both as an environmental and productivity indicator because land use is the inverse of
yield corrected for fallow duration and multi cropping. These data from LCA studies are
substantially corrected for differences in methodology, weighted for how much each
observation represents of global food production, and then our data sample is scaled up to the
global level and reconciled to other global datasets. We identify high variability in
environmental impacts, with up to 50-fold differences between producers of the same product,
and nearly 200-fold differences between different protein rich products per 100g of protein
(beef versus pulses). This variability indicates substantial opportunities to reduce these impacts
through production practice change and diet change. For example, we estimate that global
adoption of a diet without animal products would reduce global greenhouse gas emissions
across all sectors of the economy by 28% and liberate 3.1 billion hectares of land from
production. Using techniques such as regression and variance decomposition, we explore the
data to develop sustainability solutions that would be effective given the diversity of the
agricultural system. Specifically, our findings support an approach where producers monitor
their own environmental impacts using digital tools, flexibly meet environmental targets by
choosing from multiple practices, and communicate their impacts up the supply-chain and

through to consumers.
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Author contributions: J.P. conducted the analysis and wrote the chapter. J.P. and T.N.

contributed to study design, data interpretation, and reviewed the chapter.

Chapter 3: HESTIA: A harmonised way to represent and share agri-environmental data.
In this chapter, a team of colleagues (Guillaume Royer, Valentina Caldart, Patrik Henriksson,
Ben Belton, Sarah Halevy, Gary Powney, Juan Sabuco, and Rich Grenyer) and | develop the
ideas from Chapter 2 in three ways. Firstly, we present a filetype that would allow data
describing food producers and their environmental impacts to be stored in a consistent and
unambiguous way. Our format is designed to represent field trial data, agricultural survey data,
and Life Cycle Assessment data, but could also store data collected with digital farm
monitoring tools. Using test datasets, we show that our format can represent data describing
diverse producers and preserve high levels of detail from the original sources. This data format
could support the type of supply chain communication we discuss in Chapter 2. It could also
unlock data exchange between researchers. Secondly, we present a software toolkit which
automatically validates farmer data, augments these data (e.g., using geospatial datasets on soil
and climate), and then calculates life cycle environmental impact indicators from these data.
This toolkit can be embedded in the digital tool’s farmers are already using, empowering the
monitoring we discuss in Chapter 2. Thirdly, given the high demand | received for the data

presented in Chapter 2, we create an online data platform (https://hestia.earth) to store

methodologically harmonised environmental impact information on food products and make
that information publicly available. The principal source of the ~250 datasets currently on the
platform is published field trials, published LCAs, and farmer surveys. We also develop
software to automatically aggregate these data into average environmental impacts for different
food products in different countries. Combined, this work creates a new resource for

researchers and builds part of the digital foundations for more sustainable food supply chains.


https://hestia.earth/
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Author contributions: J.P. conceptualised the research and methods with input from P.H.,
S.H., R.G,, and G.R. J.P. designed the data structure. G.R. designed and built the overall
software architecture. G.R., J.S., G.P., and J.P. developed the calculation engine. J.P. and V.C.
led the data curation and upload process with input from P.H. and B.B. P.H, J.P., and B.B.
provided data resources. S.H., R.G., and J.P. administered the project. J.P. wrote the original

draft. All authors contributed to reviewing and editing the chapter.

Chapter 4: Environmental impact labelling for more sustainable and productive food
supply chains. In this chapter, E.J. Milner-Gulland and I explore a promising mechanism to
bring the mitigation framework developed in Chapter 2 to life. We present the idea that
environmental impact labels would trigger food supply chains to start measuring and
communicating their environmental impacts. Using a wide-ranging literature review, we
present evidence that measuring and communicating environmental impacts delivers
substantial behaviour change by farmers, food processors, and consumers. It would also create
information to implement policies linked to environmental impacts (such as taxes or minimum
performance standards). We specifically focus on a label that expresses environmental impacts
per unit of food. This means there are three ways to improve performance: reduce
environmental impacts, increase productivity (e.g., increase crop yields), or reduce food losses
and waste. Improvements in the outcomes measured by the label could therefore also support
improvements in food security. We explore further choices around label design including
which products and indicators to include. Finally, we explore how to achieve widespread
adoption of such a scheme, and argue that producers, NGOs, existing labelling schemes, and
policymakers have complementary roles to play. Throughout we identify the most pressing

questions for future research.

Author contributions: J.P. undertook the literature review and wrote the original chapter draft.

J.P. and E.J.M.G. reviewed and edited the chapter.
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Chapter 2: Reducing food’s environmental impacts through

producers and consumers

J. Poore & T. Nemecek

Published in Science in May 2018

Abstract: Food’s environmental impacts are created by millions of diverse producers. To
identify solutions that are effective under this heterogeneity, we consolidated data covering
five environmental indicators; 38,700 farms; and 1600 processors, packaging types, and
retailers. Impact can vary 50-fold among producers of the same product, creating substantial
mitigation opportunities. However, mitigation is complicated by trade-offs, multiple ways for
producers to achieve low impacts, and interactions throughout the supply chain. Producers have
limits on how far they can reduce impacts. Most strikingly, impacts of the lowest-impact animal
products typically exceed those of vegetable substitutes, providing new evidence for the
importance of dietary change. Cumulatively, our findings support an approach where producers
monitor their own impacts, flexibly meet environmental targets by choosing from multiple

practices, and communicate their impacts to consumers.


https://doi.org/10.1126/science.aaq0216
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2.1. Introduction

With current diets and production practices, feeding 7.6 billion people is degrading terrestrial
and aquatic ecosystems, depleting water resources, and driving climate change (Foley et al.,
2011; Godfray et al., 2010). It is particularly challenging to find solutions that are effective
across the large and diverse range of producers that characterise the agricultural sector. More
than 570 million farms produce in almost all the world’s climates and soils (FAO, 2014); each
using vastly different agronomic methods; average farm sizes vary from 0.5 hectares in
Bangladesh to 3000 hectares in Australia (FAO, 2014), average mineral fertilizer use ranges
from 1kg of nitrogen per hectare in Uganda to 300kg in China (FAOSTAT, 2021); and although
four crops provide half of the world’s food calories (FAOSTAT, 2021), more than 2 million
distinct varieties are recorded in seed vaults (FAO, 2010b). Further, products range from
minimally to heavily processed and packaged, with 17 of every 100kg of food produced

transported internationally, increasing to 50kg for nuts and 56kg for oils (FAOSTAT, 2021).

Previous studies have assessed aspects of this heterogeneity by using geospatial data sets
(Carlson et al., 2016; Gerber et al., 2013; West et al., 2014), but global assessments using the
inputs, outputs, and practices of actual producers have been limited by data. The recent rapid
expansion of the life cycle assessment (LCA) literature is providing this information by
surveying producers around the world. LCA then uses models to translate producer data into
environmental impacts with sufficient accuracy for most decision-making (Recommendation
2013/179/EU on the Use of Common Methods to Measure and Communicate the Life Cycle
Environmental Performance of Products and Organisations, 2013; Hellweg et al., 2014,

Paustian, 2013).

To date, efforts to consolidate these data or build new large-scale data sets have covered

greenhouse gas (GHG) emissions only (Clune et al., 2017; Gerber et al., 2013; Tilman & Clark,
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2014), agriculture only (M. Clark & Tilman, 2017; de Vries et al., 2010; Nijdam et al., 2012;
Tilman & Clark, 2014), small numbers of products (M. Clark & Tilman, 2017; de Vries et al.,
2010; Gerber et al., 2013; Nijdam et al., 2012), predominantly Western European producers
(M. Clark & Tilman, 2017; Clune et al., 2017; de Vries et al., 2010; Nijdam et al., 2012; Tilman
& Clark, 2014), and have not corrected for important methodological differences between
LCAs (M. Clark & Tilman, 2017; Clune et al., 2017; de Vries et al., 2010; Nijdam et al., 2012;
Tilman & Clark, 2014). Here, we present a globally reconciled and methodologically
harmonised database on the variation in the environmental impacts of different foods across
different producers and across five environmental impact indicators. Our results show the need
for far-reaching changes in how food’s environmental impacts are managed and

communicated.

2.2. Building the multi-indicator global database

We derived data from a comprehensive meta-analysis, identifying 1530 studies for potential
inclusion, which were supplemented with additional data received from 139 authors. Studies
were assessed against 11 criteria designed to standardise methodology, resulting in 570 suitable

studies with a median reference year of 2010 (supplementary materials for Chapter 2). The data

set covers ~38,700 commercially viable farms in 119 countries (fig. S2) and 40 products
representing ~90% of global protein and calorie consumption. It covers five important
environmental impact indicators (Steffen et al., 2015): land use; freshwater withdrawals
weighted by local water scarcity; and GHG, acidifying, and eutrophying emissions. For crops,
yield represents output for a single harvest. Land use includes multiple cropping (up to four
harvests per year), fallow (uncultivated periods between crops), and economic allocation to
crop coproducts such as straw. This makes it a stronger indicator of both farm productivity and

food security than yield.
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The system we assess begins with inputs (the initial effect of producer choice) and ends at retail
(the point of consumer choice) (fig. S1). For each study, we recorded the inventory of outputs
and inputs (including fertilizer quantity and type, irrigation use, soil, and climatic conditions).
Where data were not reported, for example, on climate, we used study coordinates and spatial
data sets to fill gaps. We recorded environmental impacts at each stage of the supply chain. For
GHG emissions, we further disaggregated the farm stage into 20 emission sources. We then
used the activity data (i.e., soil and climate data and data on inputs, products, and practices) to
recalculate all missing emissions. For nitrate leaching and aquaculture, we developed new

models for this study (supplementary materials for Chapter 2).

Studies included provided ~1050 estimates of post-farm processes. To fill gaps in processing,
packaging, or retail, we used additional meta-analyses of 153 studies providing 550
observations. Transport and losses were included from global data sets. Each observation was
weighted by the share of national production it represents, and each country by its share of
global production. We then used randomisation to capture variance at all stages of the supply

chain (supplementary materials for Chapter 2).

We validated the global representativeness of our sample by comparing average and 90th-
percentile yields to Food and Agriculture Organization (FAO) data (FAOSTAT, 2021), which
reconcile to within £10% for most crops. Using FAO food balance sheets (FAOSTAT, 2021)
we scaled up our sample data. Total arable land and freshwater withdrawals reconcile to FAO
estimates. Emissions from deforestation and agricultural methane fall within ranges of

independent models (supplementary materials for Chapter 2).

2.3. Environmental impacts of the entire food supply-chain

Today’s food supply chain creates ~13.7 billion metric tons of carbon dioxide equivalents

(CO2eq), 26% of anthropogenic GHG emissions. A further 2.8 billion metric tons of CO2eq
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(5%) are caused by nonfood agriculture and other drivers of deforestation (supplementary

materials for Chapter 2). Food production creates ~32% of global terrestrial acidification and

~78% of eutrophication. These emissions can fundamentally alter the species composition of
natural ecosystems, reducing biodiversity and ecological resilience (Bouwman et al., 2002).
The farm stage dominates, representing 61% of food’s GHG emissions (81% including

deforestation), 79% of acidification, and 95% of eutrophication (table S18).

Today’s agricultural system is also incredibly resource intensive, covering ~43% of the world’s
ice- and desert-free land. Of this land, ~87% is for food and 13% is for biofuels and textile
crops or is allocated to nonfood uses such as wool and leather. We estimate that two-thirds of
freshwater withdrawals are for irrigation. However, irrigation returns less water to rivers and
groundwater than industrial and municipal uses and predominates in water-scarce areas and

times of the year, driving 90-95% of global scarcity-weighted water use (supplementary

materials for Chapter 2).
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Figure 2.1. Estimated global variation in GHG emissions, land use, terrestrial
acidification, eutrophication, and scarcity-weighted freshwater withdrawals, within and
between 40 major foods. n = farm or regional inventories. Land use is area times years
occupied (m?year). (A) Protein-rich products. Grains are also shown here given they contribute
41% of global protein intake, despite lower protein content. (B) Milks. (C) Starch-rich
products. (D) Qils. (E) Vegetables. (F) Fruits. (G) Sugars. (H) Alcoholic beverages (1 unit =

10ml alcohol). (1) Stimulants.

2.4. Highly variable and skewed environmental impacts

We now group products by their primary dietary role and express impacts per unit of primary

nutritional benefit (Figure 2.1 and fig. S3). Immediately apparent in our results is the high
variation in impact among both products and producers. Ninetieth-percentile GHG emissions
of beef are 105kg of CO2eq per 100g of protein, and land use (area multiplied by years
occupied) is 370 m?-year. These values are 12 and 50 times greater than 10th-percentile dairy
beef impacts (which we report separately given that its production is tied to milk demand).
Tenth-percentile GHG emissions and land use of dairy beef are then 36 and 6 times greater
than those of peas. High variation within and between protein-rich products is also manifest in

acidification, eutrophication, and water use.

Within the major crops wheat, maize, and rice, 90th-percentile impacts are more than three
times greater than 10th-percentile impacts on all five indicators. Within major growing areas
for these crops (the Australian wheat belt, the U.S. corn belt, and the Yangtze river basin), land
use becomes less variable, but we observe the same high levels of variation in all other

indicators. This variability, even among producers in similar geographic regions, implies
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substantial potential to reduce environmental impacts and enhance productivity in the food

system.

For many products, impacts are skewed by producers with particularly high impacts. This
creates opportunities for targeted mitigation, making an immense problem more manageable.
For example, for beef originating from beef herds, the highest-impact 25% of producers
represent 56% of the beef herd’s GHG emissions and 61% of the land use (an estimated 1.3
billion metric tons of CO2eq and 950 million hectares of land, primarily pasture). Across all
products, 25% of producers contribute on average 53% of each product’s environmental impact
(fig. S3). For scarcity-weighted freshwater withdrawals, the skew is particularly pronounced:
Producing just 5% of the world’s food calories creates ~40% of the environmental burden. We

will now explore how to access these mitigation opportunities through heterogenous producers.

2.5. Mitigation through producers

2.5.1. Enable producers to monitor multiple impacts

The first step in mitigation is estimating producer impacts. Prior research (M. Clark & Tilman,
2017; Gerber et al., 2013; West et al., 2014), has suggested that readily measurable proxies
predict farm-stage impacts, avoiding the need for detailed assessment. From our larger data set,
which includes more practices and geographies than prior studies, we assess the predictive
power of common proxies, including crop yield, nitrogen use efficiency, milk yield per cow,
liveweight gain, pasture area, and feed conversion ratios. Although most proxies significantly
covary with impact, they make poor predictors when used alone, explaining little of the

variation among farms (R? = 0-27% in 47 of 48 proxy-impact combinations assessed) (fig. S4).

Prior research has also suggested using one impact indicator to predict others (R0s et al.,
2013). We find weakly positive and sometimes negative relationships between indicators. For

similar products globally, correlations between indicators are low (R? = 0-30% in 26 of 32
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impact-impact combinations assessed) (fig. S4). Pork, poultry meat, and milk show higher
correlations between acidification and eutrophication (R2 < 54%), explained by the dominant
role of manure in these impacts, but this does not generalise to other products or indicators.

The same conclusion holds for farms in similar geographies or systems (fig. S5).

Monitoring multiple impacts and avoiding proxies supports far better decisions and helps
prevent harmful, unintended consequences. However, two recent studies suggest that data on
practices and geography, required to quantify impacts, must come directly from producers
(Beza et al., 2017; Paustian, 2013); that quantifying impacts with the use of satellite or census

data misses much of the variation among farms.

2.5.2. Set and incentivise mitigation targets

When land use or emissions are low, we find trade-offs between indicators for many crops (fig.
S5). This reflects diminishing marginal yield with increasing inputs as crops tend toward their
maximum yields (Cui et al., 2014). For example, for already low-emission Northern European
barley farms, halving land use can increase GHG emissions per kilogram of grain by 2.5 times
and acidification by 3.7 times. To explore trade-offs further, we pair observations from the
same study, location, and year that assess a practice change (fig. S6). Of the nine changes
assessed, only two (changing from monoculture to diversified cropping and improving
degraded pasture) deliver statistically significant reductions in both land use and GHG

emissions.

Geography influences these trade-offs. For example, in the Australian wheat belt, where
farmers practice low-rainfall, low-input farming, we find that both output per hectare and GHG
emissions are in the bottom 15% globally. The environmental and social importance of

different impacts also varies locally, given land scarcity, endemic biodiversity, and water
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quality, among other factors. Setting regional and sector-specific targets will help producers

navigate trade-offs and make choices that align with local and global priorities.

2.5.3. Meet targets by choosing from multiple practice changes

To meet these targets, policy might encourage widespread adoption of certain practices.
However, the environmental outcomes of many practices, such as conservation agriculture
(Ladha et al., 2016), organic farming (fig. S6), and even integrated systems of best practice
(Cui et al., 2018), are highly variable. Using our data set, we can generalise these findings. To
do this, we disaggregate each environmental indicator into its sources or drivers. We consider
practice change as a package of measures that targets one or more of these sources. If producers

have different impact sources, the effects of practice change will be variable.

We find that sources of impact vary considerably among farms producing the same product

(Figure 2.2 and figs. S7-S9). Priority areas for reducing impact for one farm may be immaterial

for another. For example, measures to reduce direct nitrous oxide emissions from synthetic and
organic fertilizer, such as biochar application, are included in many mitigation estimates (Smith
et al., 2014). However, for a third of global crop calorie production, these emissions represent
less than 5% of farm-stage GHGs. It may be the case that low-impact farms have similar impact
drivers. We again find variable sources of impact, even for low-impact farms (Figure 2.2, C
and D). Reducing impacts means focusing on different areas for different producers and, by

implication, adopting different practices.
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Figure 2.2. Contributions of emission sources to total farm-stage GHG emissions. (A, and
B). Gray bars show 10th- and 90th-percentile contributions. Shaded bars represent the
distribution. For example, the 90th-percentile contribution of organic fertilizer N>O to farm-
stage emissions is 16%, but for most wheat producers the contribution is near 0%. Density is
estimated using a Gaussian kernel with bandwidth selection performed with biased cross-
validation. (C, and D) Contributions of emission sources for example producers with below

median GHG emissions.

To explore this further, we use sensitivity analysis (Song et al., 2016) to decompose the
variance in each product’s impact into its sources. Numerous sources contribute to variance

(fig. S10). Most notably, for all crop calorie production globally, differences in fallow duration
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and multiple cropping drive 40% of the variance in land use. This is important as most
strategies to increase productivity are focused on increasing single crop yields (Q. Yu et al.,
2017). But for many producers, increasing cropping intensity through the use of early-maturing
varieties, intercropping, catch crops, and enhanced irrigation can provide more economically

viable and trade-off—free ways to boost productivity and reduce impacts (Q. Yu et al., 2017).

Geography plays a major role in this variation and affects the economic and environmental
desirability of different practices (German et al., 2017). However, at the heart of agriculture is
changing site conditions to enhance productivity (such as liming, terracing, or installing
drainage), meaning that statements on the importance of geography have limitations.
Nevertheless, some impact sources stand out. We find that freshwater aquaculture ponds create
0-450g of methane per kg of liveweight (for context, enteric fermentation in dairy cows creates

~30-400g per kg of liveweight). Of this variation, a third is explained by temperature

(supplementary materials for Chapter 2), which accelerates methanogenesis and net primary
production. Improving aeration and limiting addition of surplus feed to ponds can abate these
emissions, particularly important in warm countries. Further, for every kilogram of nitrogen

applied to crops, between 60-400g is lost in reactive forms. Of this wide range, ~40% is

explained by site conditions, including soil pH, temperature, and drainage (supplementary

materials for Chapter 2). Prior research has also found that the potential of soil to store carbon

varies significantly with soil properties, slope, and prior practice (Lal, 2018).

Providing producers with multiple ways to reduce their environmental impacts recognises the
variability in sources and drivers of impact but requires a step change in thinking: that practices
such as conservation agriculture or organic farming are not environmental solutions in

themselves but options that producers choose from to achieve environmental targets.
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However, some practice changes can be pursued across all producers. Methane from flooded
rice, enteric methane from ruminants, and concentrate feed for pigs and poultry are sizeable
globally, representing 30% of food’s GHG emissions; are material for all producers,

contributing at least 17% of farm-stage emissions (Figure 2.2B and fig. S7); and can be

mitigated with relatively trade-off—free approaches such as shorter and shallower rice flooding
(Smith et al., 2007), improving degraded pasture (fig. S6), and improving lifetime animal
productivity (Gerber et al., 2013). Further, emissions from deforestation and cultivated organic
soils drive on average 42% of the variance in each product’s agricultural GHG emissions (fig.
S10) and dominate the highest-impact producers’ emissions (fig. S11), further justifying

ongoing efforts to curb forest loss and limit cultivation on peatlands.

2.5.4. Communicate impacts up the supply-chain

Processors, distributors, and retailers can substantially reduce their own impacts. For any
product, 90th-percentile post-farm emissions are 2-140 times larger than 10th-percentile
emissions, indicating large mitigation potential (fig. S12). For example, returnable stainless-
steel kegs create just 20g of CO2eq per litre of beer, but recycled glass bottles create 300-750g

of CO2eq, and bottles sent to landfills create 450-2500g of CO2eq.

Processing, more durable packaging, and greater usage of coproducts can also reduce food
waste. For example, wastage of processed fruit and vegetables is ~14% lower than that of fresh
fruit and vegetables, and wastage of processed fish and seafood is ~8% lower (Gustavsson et
al., 2013). Providing processors and retailers with information about the impacts of their
providers could encourage them to reduce waste where it matters most. For products such as
beef, distribution and retail losses contribute 12-15% of emissions (fig. S13), whereas the sum
of emissions from packaging, transport, and retail contributes just 1-9%. Here, reducing losses

is a clear priority.
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As a third strategy, procurement could source from low-impact farms. Although this strategy
is important, and possible only with information about the impacts of providers, it has clear
limitations. To be effective, it relies on high-impact production not simply being purchased
elsewhere in the market. The case of the Roundtable on Sustainable Palm Oil (RSPO) shows
that this is hard to achieve: despite one-fifth of 2017 palm oil production being certified, there
remains virtually no demand in China, India, and Indonesia (Waldman & Kerr, 2014).
Alternatively, this strategy would be effective if higher prices for sustainable production
incentivised low-impact producers to increase output or high-impact producers to change
practices. The case of organic food shows how passing premiums to consumers limits total

market size and widespread practice change.

However, processors and retailers routinely demand that products meet taste, quality, and food
safety standards. These markets are concentrated, with just 10 retailers representing 52% of
U.S. grocery sales and 15% of global sales (Euromonitor, 2018). This sometimes means that
standards achieve market transformation (Nepstad et al., 2013), where virtually all producers
adhere to gain market access. A fourth strategy for producers is setting environmental
standards. These are particularly important: Although many environmental issues can be
monitored and mitigated in a flexible way, issues such as harmful pesticide usage and
deforestation require strict controls, and issues such as on-farm biodiversity are hard to quantify
(German et al., 2017). Procurement, farming organisations, and international policy-makers
must come together to implement a safety net for global agriculture—comprehensive standards
to manage the worst and hardest-to-quantify environmental issues, extending the successes of
existing schemes and enabling a flexible mitigation approach to operate effectively. This idea

is developed further in Chapter 4, section 4.2.3.
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2.6. Producer mitigation limits and the role of consumers

Though producers are a vital part of the solution, their ability to reduce environmental impacts
is limited. These limits can mean that a product has higher impacts than another nutritionally

equivalent product, however it is produced.

In particular, the impacts of animal products can markedly exceed those of vegetable
substitutes (Figure 2.1). To such a degree that meat, aquaculture, eggs, and dairy use ~83% of
the world’s farmland and contribute 56-58% of food’s different emissions, despite providing
only 37% of our protein and 18% of our calories. Can animal products be produced with
sufficiently low impacts to redress this vast imbalance? Or will reducing animal product

consumption deliver greater environmental benefits?

We find that the impacts of the lowest-impact animal products exceed average impacts of
substitute vegetable proteins across GHG emissions, eutrophication, acidification (excluding
nuts), and frequently land use (Figure 2.1 and data S2). These stark differences are not apparent

in any product groups except protein-rich products and milk.

Although tree crops can temporarily sequester carbon and reduce nutrient leaching, the impact
of nuts is dominated by low-yielding cashews and water-, fertilizer-, and pesticide-intensive
almonds. Production of nuts doubled between 2000 and 2015 (FAOSTAT, 2021), and more
work is required to improve their resource use efficiency. Although aquaculture can have low
land requirements, in part by converting by-products into edible protein, the lowest-impact
aquaculture systems still exceed emissions of vegetable proteins. This challenges
recommendations to expand aquaculture (Godfray et al., 2010) without major innovation in
production practices first. Further, though ruminants convert ~2.7 billion metric tons of grass

dry matter, of which 65% grows on land unsuitable for crops (Mottet et al., 2017), into human-
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edible protein each year, the environmental impacts of this conversion are immense under any

production method practiced today.
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Figure 2.3. Mean and 10" percentile GHG emissions of protein-rich products across three
major production stages. Red lines represent average vegetable protein emissions, and blue
lines represent 10th-percentile emissions. The grey line represents average emissions excluding
nuts, which can temporarily sequester carbon if grown on cropland or pasture. To calculate
10th-percentile emissions by stage, we averaged across farms that have total emissions between

the 5th and 15th percentiles, controlling for burden shifting between stages.

Using GHG emissions (Figure 2.3), we identified five primarily biophysical reasons for these
results. These reasons suggest that the differences between animal and vegetable proteins will

hold into the future unless major technological changes disproportionately target animal
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products. First, emissions from feed production typically exceed emissions of vegetable protein
farming. This is because feed-to-edible protein conversion ratios are greater than 2 for most
animals (Mottet et al., 2017; Tilman & Clark, 2014); because high usage of low-impact by-
products is typically offset by low digestibility and growth; and because additional transport is
required to take feed to livestock. Second, we find that deforestation for agriculture is
dominated (67%) by feed, particularly soy, maize, and pasture, resulting in losses of above-
and below-ground carbon. Improved pasture management can temporarily sequester carbon
(Smith et al., 2014), but it reduces life-cycle ruminant emissions by a maximum of 22%, with
greater sequestration requiring more land. Third, animals create additional emissions from
enteric fermentation, manure, and aquaculture ponds. For these emissions alone, 10th-
percentile values are 0.4-15kg of CO.eq per 100g of protein. Fourth, emissions from
processing, particularly emissions from slaughterhouse effluent, add a further 0.3-1.1kg of
COzeq, which is greater than processing emissions for most other products. Last, wastage is

high for fresh animal products, which are prone to spoilage.

2.7. Mitigation through consumers

Today, and probably into the future, dietary change can deliver environmental benefits on a
scale not achievable by producers. Moving from current diets to a diet that excludes animal
products (table S15) (Springmann, Mason-D’Croz, et al., 2016) has transformative potential,
reducing food’s land use by 3.1 (2.8-3.3) billion hectares (a 76% reduction), including a 19%
reduction in arable land; food’s GHG emissions by 6.6 (5.5-7.4) billion metric tons of CO2eq
(a 49% reduction); acidification by 50% (45-54%); eutrophication by 49% (37-56%); and
scarcity-weighted freshwater withdrawals by 19% (=5 to 32%) for a 2010 reference year. The
ranges are based on producing new vegetable proteins with impacts between the 10th- and
90th-percentile impacts of existing production. In addition to the reduction in food’s annual

GHG emissions, the land no longer required for food production could remove ~8.1 billion
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metric tons of CO.eq from the atmosphere each year over 100 years as natural vegetation re-
establishes and soil carbon re-accumulates, based on simulations conducted in the IMAGE
integrated assessment model. For the United States, where per capita meat consumption is three
times the global average, dietary change has the potential for a far greater effect on food’s

different emissions, reducing them by 61-73%. See supplementary text (supplementary

materials for Chapter 2) for diet compositions and sensitivity analyses and fig. S14 for

alternative scenarios.

Consumers can play another important role by avoiding high-impact producers. We consider a
second scenario where consumption of each animal product is halved by replacing production
with above-median GHG emissions with vegetable equivalents. This achieves 71% of the
previous scenario’s GHG reduction (a reduction of ~10.4 billion metric tons of CO.eq per year,
including atmospheric CO2 removal by regrowing vegetation) and 67, 64, and 55% of the land
use, acidification, and eutrophication reductions. Further, lowering consumption of more
discretionary products (oils, sugar, alcohol, and stimulants) by 20% by avoiding production
with the highest land use reduces the land use of these products by 39% on average. For
emissions, the reductions are 31 to 46%, and for scarcity-weighted freshwater withdrawals,

87%.

Communicating average product impacts to consumers enables dietary change and should be
pursued. Though dietary change is realistic for any individual, widespread behavioural change
will be hard to achieve in the narrow timeframe remaining to limit global warming and prevent
further, irreversible biodiversity loss. Communicating producer impacts allows access to the

second scenario, which multiplies the effects of smaller consumer changes.
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2.8. An integrated mitigation framework

In Figure 2.4 we illustrate a potential framework implied by our findings, prior research, and
emerging policy (Recommendation 2013/179/EU on the Use of Common Methods to Measure
and Communicate the Life Cycle Environmental Performance of Products and Organisations,
2013). First, producers would monitor their impacts using digital tools (Denef et al., 2012).
Data would be validated against known ranges for each value (e.g., maximum yields given
inputs) and validated or certified independently. In the United States these tools have already
been integrated with existing farm software in Africa and South Asia they are being trailed
with 2G mobile phones (GSMA, 2017); and in China they have been operated by extension

services with extremely successful results (Cui et al., 2018).
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Figure 2.4. Graphical representation of the mitigation framework.

Second, policy-makers would set targets on environmental indicators and incentivise them by
providing producers with credit or tax breaks or by reallocating agricultural subsidies that now
exceed half atrillion dollars a year worldwide (OECD, 2017). Other targets for the food system

are discussed in Chapter 5, section 5.2. Third, the assessment tools would provide multiple
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mitigation and productivity enhancement options to producers. Ideally these tools would
become platforms that consolidate the vast amounts of research conducted by scientists around
the world, while also sharing producer best practices. In particular, practice sharing offers a
very effective way to engage producers (Cui et al., 2018). Maximum flexibility also ensures

least-cost mitigation (Segerson, 2013) and supports producer-led innovation (Cui et al., 2018).

Finally, impacts would be communicated up the supply chain and through to consumers. For
commodity crops that are hard to trace (Waldman & Kerr, 2014), this may not be feasible and
mitigation efforts may have to focus on producers. For animal products, stringent traceability
is already required in many countries (40), suggesting that communicating impacts is most
feasible where it matters the most. Communication could occur through a combination of
environmental labels, taxes or subsidies designed to reflect environmental costs in product
prices (Springmann, Mason-D’Croz, et al., 2016), and broader education on the true cost of

food.

We have consolidated information on the practices and impacts of a wide range of producers.
From this research, we have provided a unified exposition of the environmental science for
making major changes to the food system. We hope this stimulates progress in this crucially

important area.
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DATA AND MATERIALS AVAILABILITY

A Microsoft Excel file allowing full replication of this analysis, containing all original and
recalculated data, has been deposited on the Oxford University Research Archive

(doi.org/10.5287/bodleian:0z9MYbMyZ).
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Chapter 3: HESTIA: A harmonised way to represent, share, and

analyse agri-environmental data

J. Poore, G. Royer, V. Caldart, P. Henriksson, J. Sabuco, G. Powney, S. Halevy, B. Belton &

R. Grenyer

Abstract: Enabling farmers and food processors to measure their environmental impacts and
productivity and communicate this information up supply chains and to researchers would
support improvements in agricultural productivity and sustainability. Here we present a
consistent and unambiguous format to represent agri-environmental data describing specific
farms and food supply chains. Using test datasets, we show that our format can represent data
describing diverse producers and preserve high levels of detail from the original sources. We
also describe a software toolkit that automatically validates, augments, and calculates

environmental impact indicators from these data. Finally, we present an open-access data

platform (https://hestia.earth) which currently stores data from over 250 public sources in this
format. We use a survey of 935 maize-pigeon pea farms to demonstrate the process. This work
creates a new resource for researchers and builds part of the digital foundations for more

sustainable food supply chains.


https://hestia.earth/
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3.1. Introduction

Large amounts of data describing the productivity and environmental sustainability of farms,
food products, production practices, and new technologies are created each year. These data
are of critical importance for understanding and improving food security and environmental
sustainability. However, these data are currently stored in different databases and documents,
mostly with different fields, different definitions of those fields, different units, different
minimum data requirements, and different degrees of validation. Using and sharing this
information is therefore difficult, time consuming, and prone to error. For example, meta-

analyses in agriculture document substantial challenges in accessing and re-using data

(supplementary materials for Chapter 2) (Pittelkow et al., 2014; Seufert et al., 2012). A filetype
that was sufficiently flexible to represent the diversity of agriculture and its environmental
issues, while also being rigid enough to ensure the same data are represented consistently, could

help improve data sharing in agri-environmental research and in agricultural supply chains.

Here we focus on data from three major sources due to their similarities, the benefits of data
exchange within and between these areas, and the limited work on standardisation in these
areas to date. They are: farm surveys; experimental field trials; and Life Cycle Assessments
(LCA) related to food and agriculture. At their core, they store similar data on inputs, outputs,
and production practices. Farm survey data often includes more economic data around input
and product prices. Experimental field trial data are typically more detailed and include more
soil and climate measurements and measured emissions data. LCA data use a range of inputs
(such as survey data, national statistics, and field trial data) and then from model outputs, adds
estimated emissions (e.g., CO2), resource uses (e.g., water), and environmental impact
indicators (e.g., global warming potential, measured in CO. equivalents), and also includes the

environmental impacts from other supply-chain stages.
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Standardising and making these data more accessible could enable scientific advances within

these areas, greater interdisciplinary research between them, and support on-the-ground

improvements in sustainability and productivity. For example:

A pool of harmonised farm-specific survey data could thoroughly describe global
farming practices, enabling more precise and relevant research.

A pool of harmonised LCA data could provide rich detail on the environmental impacts
of supply chains, uncovering problems and opportunities, and helping target research.

A pool of harmonised experimental field trial data could help direct new research,
uncover new trends, and make it easier to build models using these data (e.g., the IPCC
(Intergovernmental Panel on Climate Change, 2006) builds many of their emissions
models from experimental field trial data).

Comparing field trial data to farm surveys gives can give metrics like the “yield gap”
(which is sometimes defined as the difference between yields under experimental
conditions and typical farmer conditions (Sadras et al., 2015)), and harmonised data
would make it easier to generate these metrics and analyse their drivers.

Building models from experimental data using the same definitions of each data field
would make the model easier to use in subsequent LCAs (or other modelling
applications).

If digital tools which automatically conduct environmental assessments (such as the
Cool Farm Tool (Hillier et al., 2011) or Field to Market (Field to Market, 2022)) used
a consistent data format, they could more easily benchmark farmer data against survey
or experimental data.

A standardised format could help farmers and food processors report their GHG

emissions (reporting GHGs is becoming increasingly common in many countries), and
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standardisation could help make it clear why different methodologies for calculating

environmental impacts can give dramatically different results (fig. S16).

We did not focus on some data areas because the data representation, storage, and usage
requirements are very different from the areas we did focus on. Specifically, we did not focus
on representing data flowing from farm equipment because frameworks like AgGateway
ADAPT (AgGateway, 2022), agrirouter (DKE-Data, 2022), JoinData (JoinData, 2022), api-
agro, and DataLinker (Rezare Systems, 2022) have already made substantial progress here.
We did not include data structures for farm task management and advisor
recommendation, as these are covered by ADAPT among other frameworks. We also did not
focus on satellite or other geospatial datasets of agricultural inputs, practices, and outputs, as
typical applications require ways to store raster and vector data which are optimised to
minimise computer memory requirements, and there has already been substantial progress in

harmonising these datasets (e.g., that driven by the Open Geospatial Data Consortium).

3.1.1. Existing work on data harmonisation in our three focus areas
To date, harmonisation of farm survey data has focused on national and regional level
parameters of interest (such as national crop yields) (FAO, 2005). However relatively little
harmonisation has been undertaken on data describing farm-specific management practices
(such as crop rotations). For example, while the FAO publish much survey data on their
Microdata website describing specific farms (FAO, 2021b), the data fields used by these
surveys are not typically comparable and the levels of data validation are very different.
Further, some survey datasets impute missing values (e.g., replacing outliers with the
median during data cleaning), and imputed data can negatively affect the performance of
statistical models using these data (Sterne et al., 2009), yet there is often a lack of

information about which data points were imputed.
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Harmonisation of field trial data has focused on specific research topics and has yet to be
generalised. Much field trial data are currently stored in journal articles and their
supplementary materials, reports, and unstructured data libraries such as GARDIAN (CGIAR,
2022c) and the Ag Data Commons (USDA, 2022a). There is ongoing work to rename data
fields in the datasets stored in unstructured libraries using controlled vocabularies (e.g., the
Agronomy Ontology (CGIAR, 2022a), the Crop Ontology (CGIAR, 2022b)), and then
automatically convert them into a consistent format (AgMIP, 2022). However, existing
converters are focused on crops only, not all fields in the datasets have corresponding terms in
the ontologies meaning conversion is partial, and there is currently no data validation. Some
methodologically harmonised platforms for field trial data exist, but they also remain focused
on certain areas, for example The Global Yield Gap Atlas (University of Nebraska &
Wageningen, 2022) consolidates experimental crop yield data and selected yield covariates
only, AgEvidence (Atwood & Wood, 2020) consolidates yields and soil measurements data
focused on conservation agriculture in the US, and the Global N20O Dashboard consolidates
experimentally measured N2O emissions data (CGIAR, 2022d). Quantitative meta-analyses
also consolidate and harmonise field trial data, but they are typically static outputs and are
focused on answering a specific question. Other harmonised datasets come from specific field
stations in specific geographies, such as the e-RA Archive from the Rothamsted field stations
in the UK (Rothamsted, 2022) or the LTAR archive from long-term research stations across

the USA (USDA, 2022c).

Harmonisation of LCA data is receiving growing attention, but LCA data specific to agriculture
and food remains relatively unstructured. There are three major filetypes for storing LCA data:
ILCD (European Commission, 2022; Wolf et al., 2012), ecoSpold2 (Ecoinvent, 2022), and
OpenLCA (openLCA, 2022). While these filetypes are well suited for life cycle inventory data

(an inventory is the emissions created and resources used to produce a certain quantity of a
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product), they are not well suited for storing activity data (which are all the data required to
create the inventory using models, such as data on soil, climate, inputs, products, and practices).
Activity data are therefore often stored in separate unlinked files or databases which makes
remodelling and validation difficult or impossible. Further, activity data often comes from a
mixture of sources, including farm surveys, field trials, previous LCAs, or global datasets, yet
it is often difficult to understand the source of each data point. There has also been
standardisation of LCA methods (in particular 1SO 14044: 2020, 1SO 14042:2000, PAS
2050:2011, and the EU’s Product Environmental Footprint category rules), however they do
little to standardise how data are represented (Heijungs et al., 2021). There are also repositories
of LCA data, including the Federal LCA Commons (USDA, 2022b), Global LCA Data Access
Network (United Nations Environment Programme (UNEP), 2021), and the Life Cycle Data
Network (European Commission, 2021), but files in these repositories do not share a common
vocabulary. Large LCA datasets have been generated by single providers (e.g., ecoinvent
(Wernet et al., 2016), GLEAM (FAO, 2010a), and AgriBalyse (Colomb et al., 2014)), but each
dataset uses different data structures, vocabularies, and methods; while they are internally

consistent, they are difficult to compare between.

3.1.2. Chapter overview

Here we attempt to solve some of the issues around agri-environmental data interoperability
and data exchange. Firstly, we describe a way to represent data from farm surveys,
experimental field trials, and LCAs in a flexible yet unambiguous way. To support users, we
document five examples of converting data into this format, and with these examples, we show
that our data structure can capture virtually all of the data from the original sources. Next, we

describe the https://hestia.earth platform which allows data in this file format to be uploaded,

validated, downloaded, and shared. We then describe software for augmenting data in this

format using geospatial datasets and other sources, and for performing LCAs on these data.
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Finally, we describe an application of the entire process by uploading a survey of 935 maize-

pigeon pea farms in Myanmar to the https://hestia.earth platform and describe the results of the

automatically conducted comparative LCA of these farms that is performed by the platform.

3.2. A standardised format to represent agri-environmental data from three data areas

A key design choice was to split the data structure into a schema and Glossary of Terms. The
schema defines data fields which are common to virtually all datasets and defines the overall
structure of the data. The Glossary of Terms (controlled vocabulary) contains tens of thousands
of possible names for items in the agri-food system and these terms are only used as needed
(e.g., to define the name of an Input such as urea fertilizer). The schema is compact and more
stable, whereas new terms can be added easily to the Glossary making it more dynamic and

flexible.

We created an initial version of the schema based on the OpenLCA schema and an initial
version of the Glossary primarily based on FAOSTAT terms, and then used five test/training
datasets to refine and develop the schema and glossary. We document the conversion process
for these five datasets from their native format into the HESTIA format and document how
validation issues were resolved (see supplementary text). We also provide stable links to the
uploaded files and to their location on the HESTIA platform. The five test datasets are a mixture
of new datasets and existing datasets; and include a survey of 935 maize-pigeon pea farms in
Myanmar (Food Security Policy Project, 2020); a meta-analysis of 559 nitrate leaching

experiments from 91 studies (supplementary materials of Chapter 2); a nitrogen leaching

experiment with monthly time series of measurements (Engstrom et al., 2011); an
environmental LCA of trout, tilapia, and tambaqui systems in Peru (Avadi et al., 2015); and an
environmental LCA and inventory analysis of vegetable oil crushing and refining plants across
Europe (Schneider & Finkbeiner, 2013). Through this process, we were able to represent all of

the data reported in the studies on their Inputs, Outputs, Practices, Emissions, and
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environmental impacts. This demonstrates that, based on these test datasets, the data format
presented here is capable of representing data from different producers and from different
sources. A critical next step is to test the data format using unseen validation datasets, but we

leave this to future work.

3.2.1. Schema

Within the schema, data are organised into different nodes (Figure 3.1). Nodes are then linked
using an identifier (@1d). Many datasets duplicate the same data (e.g., data on the same plot is
often duplicated for each treatment occurring on that plot). Splitting data into unique nodes
allows the same data to be re-used without duplication making it easier to validate data, manage
linkages between datasets, and update values. For example, data describing a field for growing

crops could be reused by each cropping cycle that occurs on that field.

Each node can contain meta-data and holders for further data called blank nodes. The structure

of each node is defined by the Schema (available at: https://hestia.earth/schema). The seven

types of nodes are:

1. Cycles, which describe a production cycle (e.g., growing a crop or processing food). They
contain blank nodes for data on Inputs, Emissions, Products, and Practices; a data
Completeness assessment, which describes how complete the Inputs and Products data are;
and Transformations, which describe the conversion of one Product to another in the same
Cycle.

2. Sites, which describe where production took place (e.g., a field for growing crops). They
contain blank nodes for data on Measurements, Infrastructure, and Practices.

3. Organisations, which describe organisations who manage Sites (e.g., a farm).

4. Impact Assessments, which describe the environmental impacts of producing one unit of a
Product during a Cycle. They contain blank nodes for environmental impact Indicators.

5. Sources of data, which contain Bibliographies,
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6. Actors, who upload or create data.

7. Terms, which are items from a Glossary of Terms.

One additional blank node, called a Property, describes a property of the data (such as the dry
matter of a crop). Properties can be added to Inputs, Emissions, Products, Practices, and
Measurements. Properties are also added to some Terms where they describe a default property

of that Term (e.g., the typical dry matter of a crop), and in doing so, describe the Term itself.

We used the JSON-LD (JSON Linked Data) format to structure the data, but the JSON-LD
format maps directly onto a row-column format if the user requires this. It therefore works with
non-relational databases (such as stores of JSON-LD files in folders), relational databases, or
row-column files such as CSV or Microsoft Excel files. In JSON-LD, each node gets its own
file (e.g., site-1.jsonld), whereas in the row-column format each node defines the prefix
of the column header (e.g., site.description, where site is the node and

description is the field).

A key benefit of JSON is it allows substantial detail to be added to a single data point if needed,
but if the data fields are not needed, no extra memory is used. For example, an Input such as
pig slurry fertilizer can have a detailed application schedule of dates and amounts, its own data
source which is distinct from the main Cycle, a list of Properties such as the nitrogen and
phosphorus content of the slurry, and an associated Impact Assessment which would provide
the environmental impacts of producing that slurry and transporting it to the field where it is
applied. This level of detail is essential for fully representing our data sources yet enabling this

in row-column formats is inefficient.
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A Overview of the nodes and how they connect

[J A node containing meta-data
Key: [] A node containing data and meta-data

Impact

[ Data describing a single production system

Data describing a products' life cycle, created by linking production systems

Information flows from node 1 to 2 (e.g., from a Site to a Cycle), which is achieved by node 2 referencing node 1

B Anillustration of a Cycle and its blank nodes, using example data in JSON -LD format

{"@context": "https://hestia.earth/schema/Cycle.jsonld", Alink to a file containing links to definitions of each field.

"@id": "vc664x8",
"@type": "Cycle",
"endDate": "1989-12-31",
"startDate": "1989-06-01",

"startDateDefinition": "harvest of previous crop",
"functionalUnit": "1 ha",
"site": {

"@id": "bbscc9",

"@type": "Site"},
"defaultSource": {

"@id": "s66765d",

"@type": "Source",

"name": "Gigou (1990)"}
"dataCompleteness": {

"@type": "Completeness",

"electricityFuel": false,

"pesticidesAntibiotics": true},
"inputs": [
{"@type": "Input",
"term": {
"@id": "CAS-34494-04-7",
"@type": "Term",
"name": "Glyphosate",
"units": "g active ingredient"},
"value": [400]
"impactAssessment": {"@id": "8gghha"}}
1,
"emissions": [...],
"products": [...],
"practices": [...],
"dataPrivate": "false"}

A unique identifier for the Cycle.

The type of the node (here a Cycle).

The end date.

The start date.

A definition of the start date (drawn from a list).

The functional unit (what the data is expressed per).
A link to the Site node that this Cycle occurred on.
A unique identifier for the Site.

A link to the default Source for each data item. A different source
can be added to each Input, Emission, Product, and Practice if
they are different).

The data completeness assessment, stating whether all of the data
for each type of Input and Product is present in this data file.

A list of Inputs used during the Cycle.

The type of Input is defined by a Term from the Glossary of Terms .
A unique identifier for the Term (here the CAS number).

The units are defined by the Term, and are always the same.

The amount used which is an array e.g., for application schedules
A link to the Impact Assessment, containing data on the
environmental impacts of producing the Input.

A list of Emissions created during the Cycle.

A list of Products created during the Cycle.

A list of Practices used during the Cycle.

Whether the data are private or not.

Figure 3.1. A graphical overview of the data structure. (A) An overview of the nodes and

how they connect. The two-way reference between Property and Term means that the names

of Properties are defined by Terms, while other Terms can have Properties which describe them

(e.g., a Property can be created using the Term Active Ingredient and an additional

Terme.g., Glyphosate-isopropylammonium and a value e.g., 41%; in the Glossary of

Terms, this Property is added to the Pesticide brand name Term Glyphosate 41% Super

Concentrate, which states that a herbicide contained 41% glyphosate in its isopropylamine



Reducing agriculture’s environmental impacts through diverse producers 55

salt form). (B) An illustration of a Cycle and its blank nodes, using example data in JSON-LD

format.

3.2.2. Glossary of Terms
Describing data with consistent terms makes data exchange possible and we created a

searchable Glossary of Terms at https://hestia.earth/glossary. The Glossary was built from

existing glossaries, and our primary goal was compliance with FAOSTAT terminology. The
Glossary is open source, open to contributions (although contributions are approved by our
team), free to access, released with a CCO licence, and follows principles for scientific data

sharing (Wilkinson et al., 2016).

Terms in the Glossary are given unique and meaningful identifiers to make them easy to use.
In general, the identifier of a Term is simply its name with special characters removed and
then converted into camel case. For example, the identifier for “Diesel” is diesel. For
chemicals, the identifier is the CAS number. For regions, which are drawn from the GADM
glossary (Hijmans et al., 2018), we use the GADM identifier. Terms are described with meta
data, default Properties, and hyperlinks to terms in other glossaries (e.g., Feedipedia
(Feedipedia et al., 2015), AGROVOC (FAO, 2021a)). The Term’s data are provided in JSON-
LD and on a webpage with a URL made up of “https://hestia.earth/term/” and the @id e.g.,

https://hestia.earth/term/diesel. Referring to Terms is then done in the same way that any other

nodes are linked. For example {“cycle.inputs.0.term.@id”: “diesel”} states
that the diesel was an Input into the Cycle and links the Cycle to that Term. The Glossary also

ensures that each name is unique which means that Terms can also be referred to using their
name instead. In CSV files, the term @id can be included in the column header to simplify

files (e.g., cycle.diesel.value).
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The Glossary specifies the units which data must be in (e.g., diesel must be in kg). Prescribing
units removes some freedom, but it makes data validation and data re-use easier and less error

prone.

3.2.3. Defining whether data are complete

If a data item is not present (e.g., Glyphosate is not present in a Cycle), it could either mean it
was not present in reality, or that it was present but no data were recorded. It is very important
to differentiate these two situations as this affects subsequent data analysis and interpretation.
To deal with this, we require a data Completeness assessment for the Inputs and Products of
all Cycles. We structure the Completeness assessment using term types from the Glossary (e.g.,
a term type is pesticideActiveIngredient which includes all the pesticide active
ingredient terms). For groups of Terms in the Glossary, the Completeness assessment defines
whether the absence of an Input or Product means it has a value of zero or means it was not
recorded. For example, if completeness is marked as true for pesticideAntibiotic
but no pesticides are recorded in the Cycle, this means the value of every pesticide term defined

in the Glossary is equal to zero, or that pesticides were not used.

For other nodes, differentiating no data from zero values is either not required or is not critical
enough to justify a Completeness assessment. For Measurements, there is no ambiguity
between missing data and zero-values, and any missing Measurement is simply missing. For
Practices, a data Completeness assessment is not currently used because the range of possible
practices is too large. Further, different Practices tend to manifest as different Inputs and
Products for which we do have a Completeness assessment. For Emissions, Terms are defined
in the HESTIA Glossary in such a way that they include both the emitted substance, where the
substance was emitted to, and the source of the emission (e.g., NH3, to air,
fertilizer). By defining emissions in this way, it minimises ambiguity in the data, and

creates an implied mapping between the Inputs and Products data (for which we have a
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Completeness assessment) and the Emissions. With models and a theory of how Inputs,
Products, and other data create Emissions, it is possible to assess the completeness of the
Emissions data, and we provide a default set of models which does this in the calculation engine

which is discussed below.

3.2.4. Creating supply chains using Impact Assessments

Impact Assessments are a specific node used in LCAs. Here they are defined as representing
the emissions (e.g., NH3, to air, fertilizer), resource uses (e.g., Freshwater
withdrawals), and characterised impact indicators (e.g., Scarcity weighted water
use) per unit of Product produced during a Cycle. The functional unit of the Impact
Assessment is defined by the functional units of the Product (e.g., kg), and the amount is always
set to one (e.g., 1 kg). This restriction simplifies subsequent calculations on the data and helps
reduce ambiguity. Post processing by the user of the data can then be used to change the
functional unit (e.g., from 1 kg to 100g protein) or Cycle data can be used if a 1-hectare

functional unit is of interest.

To represent a supply-chain, an Impact Assessment can be linked to the Input of a Cycle (e.g.,
an Impact Assessment representing the manufacture of urea fertilizer could be linked to the
urea Input used by a farmer). Nodes therefore follow this order: Impact Assessment(s) > Cycle
> Impact Assessment(s). In manual data uploads, linking nodes like this can be time
consuming, so for Emissions related to Inputs production (i.e., the Emissions created by prior
Cycles) it is possible to work the other way round by adding the Emissions related to Inputs
production directly to the Cycle and stating which Input(s) they are associated with (e.g.,
emissions.0.inputs.0.name). Inthe future, we may allow supply chains to be created
without going via Impact Assessments, although the benefit of going via Impact Assessments

is all the data are standardised per unit of product.
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3.2.5. Data validation
We provide a free and open-source software package which provides code to validate data

(described at: https://hestia.earth/docs/#validate-csv-json-files). Validators are split into hard

(which identify problems which must be resolved) and soft (which identify potential problems,
although these can be ignored). Examples of hard validators include: checking if coordinates
are in the correct region and country; and checking that certain data items are between upper
and lower bounds. Soft validators include: checking if Sites witha siteType of cropland
intersect with cropland in the MODIS (Sulla-Menashe & Friedl, 2018) land cover map;
checking whether crop residue is within +25% of that estimated using the IPCC
(Intergovernmental Panel on Climate Change, 2006) default model which is based on crop type

and yield.

3.3. Atoolkit to gap-fill data and calculate environmental impacts

We provide a library of models which augment and recalculate data (documented at:

https://hestia.earth/docs). The models include geospatial gap-filling models, which add data to

Sites using satellite-based or other geospatial datasets; lookup-based gap-filling models, which
add data to Cycles; calculation models, which estimate emissions and resource uses; and Life
Cycle Assessment (LCA) models which estimate full supply chain environmental impacts.
These models are controlled by an orchestrator which determines which models to run and in
what order. We provide a default set of models and a default order to run them in, but a user
can add further models and change the order. The goal of the gap-filling models is to try and
move each data area marked as incomplete inthe Completeness assessment to complete,
as well as to add Site Measurements which can improve the accuracy of Emissions models.
The goal of the default calculation and LCA models is to calculate all of the sources of
emissions, types of resource use, and characterised indicators which are defined in fig. S1,

using the models defined in that chapter and updated using the 2019 IPCC (IPCC, 2019) and
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EMEP-EEA (European Environment Agency (EEA), 2019) guidelines. The full set of models

currently available are documented at https://hestia.earth/docs.

For the environmental impacts of Input production (e.g., the production of fertilizer) we have
linked terms in the Glossary to processes in the ecoinvent database (Wernet et al., 2016) under

an agreement with ecoinvent to use some key processes in our calculation engine.

There are often cases where multiple models calculate the same Emission or resource use, and
the order to run these models is also defined by the orchestrator. The current default ordering
of such models uses the IPCC system of three Tiers, which broadly categorises models by how
much they account for geographic and other factors. It attempts to run the highest tier model
first and if that fails because there is insufficient data (e.g., missing data on a certain
Measurement needed to run the model) it moves to the less detailed and lower tiers of model.
In an ideal situation, models would be organised based on their degree of fit to a reference
dataset, so the models with the highest predictive power are run first, however more work is

required to build such a reference dataset.

Sometimes data will already exist that one of the models could calculate (e.g., N2O emissions
from synthetic fertilizer may already be present in the Cycle), and the orchestrator also
determines what to do in these situations. The default rules are that: measured Emissions are
never replaced; if the model that the data was originally calculated under used a higher tier than
available in the HESTIA calculation engine, the data are not replaced; otherwise, the data are
recalculated using the same model as used by the Cycle and replaced if they are over £5%
different to the output from the HESTIA models. Note that all possible models have Terms in

the Glossary.
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This three-step process of: 1) gap-filling; 2) recalculating data that were missed to align to a
consistent system boundary; and 3) replacing data that didn’t match the outputs of our models;

harmonises different data to substantially increase its comparability (fig. S16).

3.4. A platform for sharing agri-environmental data

3.4.1. Upload and download

We built a data platform (available at: https://hestia.earth) which enables users to upload,

archive, and download data in the HESTIA format. The current platform primarily targets
researchers who wish to share their data and use such data but is open to anyone who needs
harmonised and validated agri-environmental data to support their work. Our main target
uploaders are large institutional data holders, such as the CGIAR centres and national research
organisations, and our platform has so far been developed with members of these organisations

as partners.

After creating an account, users can currently upload data by using a Wizard which provides a
set of interactive forms directly linked to the Schema and Glossary (Figure 3.2A) or by directly
uploading a csv or Excel file which follows the Schema and Glossary. It is also possible to use
a hybrid of both, where the Wizard is used to format the first rows of data, the Wizard output
is exported to a csv, and the csv is completed offline. Another hybrid approach is to upload a

csv into the Wizard, and finalise any edits there, before submitting.

The https://hestia.earth platform provides methods to make data upload easier. Firstly, if

bibliographic data are available on Mendeley, the user only needs to upload the title or the DOI
of the document rather than typing out the entire bibliography. Secondly, we automatically link
to a publicly available pdf version of the article or report behind the data using Unpaywall.
Thirdly, we provide convenience functions in the Wizard itself, including a unit converter,

maps to draw field boundaries on, and instant Glossary validation.
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Uploaded data then get validated and if validation succeeds, are stored on the platform. At
validation the user receives automatically generated hard or soft error messages (Figure 3.2B).

A final validation step is currently performed by the https://hestia.earth team. When validation

succeeds, data are stored and nodes are assigned a new unique and permanent @1id, which is

also the IRI of the node (e.g., https://www.hestia.earth/cycle/w4ktimhphazd) (Figure 3.2C).

That page provides an overview of the uploaded data, including maps of the study location,
data tables, and graphical summaries. It provides the original user upload, and a recalculated
view, where the default gap-filling and calculation engine models have been run. If the data
were marked as private, they will only be available to view by the person who uploaded them
(this is useful, for example, if a researcher wants to embargo data before publication).

Otherwise, they will be publicly accessible.

Data can be discovered using text search, map search, or filtering, and then downloaded
through the website or API. Data can be downloaded as individual JSON-LD files (one for
each node) or csv files containing data on all the nodes of interest. These csv files can be very
data rich, containing detailed information on many thousands of data points, and we also

provide ways to select and group fields of interest.
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A Upload Wizard

My Submissions / Moudry_Jr_et s 2013/ Moudry Jr et (2013)xt

You are currently editing a draft version of "Moudry Jr et al (2013)xt". I you submit the draft, it will be processed o the Hestia platform.
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startDate 2000 " x startDateDefinitic  harest of previous crop v ox
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Publication Title: Comparative environmental performance of artisanal and commercial feed use in Peruvian freshwater aquaculture &£

Source: Avadietal (2015) &
Site: Pond - Loreto (Provincia), Loreto, Pen

> Impact Assessments: 4

2. Results Summary
-

v e

M et i, rusiaceans (k9 ) (n kg N)

e

Node  Level Message
Emissions  efror  Terms: N0, to s, exgeric fertizer, drect 1
The expected result for 120, to air, organic fertilizer, direct using IPCC (2006) (View Docs)
from the data provided in the upload is 331, but the value in the upload is 132. Please check either
the data you provided which is the input into this model, or the emission value.
Showing T error -
vy Ao fikd v
type (o cycleDuration 720 8 x
iptic x dataPrivate  fose v
description  organic x endDate 211
functionalUnit 1. v id 2
MATE | ot e - Coch Republec 201 - rgaric x  schemaversion o5 x
startDate 200 @ x startDateDefinitic arvest of previous crop v x
> dataCompleteness Type  Completeness & X
> defaultSource Type Source @ X
v ns x
[ = TS
Add e i + xad
‘methodTier iic1 v value 132 ]
Th xpcted st o 1, s e, argnic. itz dircs
sing I G000 (Vi Do) o et proviedin e upload s
357, bt he vl i e uplnd 132 P chck s e ety
provided ic s h nput o this el h i vk,
¥ methodModel ype x
ipecaucs % name pcc ooy z
termType .
v term Type Tm@ X
o hange the e, lese e s, then s the ek g
[ — z name | 20,1 s crgric iz, et z
termType .. units 1gn0
= ENONES
Add e it + o
‘methodTier et v value o1 ]
> methodModel e TmE X
> term Type Tem & X
> inputs Type mmput® X
> practices e P X
> products Type Product @ X
> site Type Site @ X

o 0 EY 0 “ EY o o o o o0
3. Contribution Details
Uploaded by: Jusn Sabuco
Upload date: September 1, 2021
4. Site: Location
agror o
Plan  Satelite R %
Gusyanuis A o
97 .
7
p'd AMAZONAS
Fant
Gocgle oo, S Raccourcs claver _ Domescarguphues 62021 Google Condons dthastion
5. Site: Measurements
No data
6. Cycle: Data Completeness
il Gop  Hedy  bew  Fedoe Mool Ot Peticdes  Producs Sl Watr
Ted  heidue el Magement Ao mendmnts
Tamba Lot roinca L Complete Conmlets Gonles Complte_ Conplie_nomlets_ Compli_ Comples_ Complete_ Complete_ Camplte
7. Cycle: Products & Inputs
oo lid, s sid et sold, Tambo Conconnteloed Dol by Watr,
b/t nd i, farutcen. end vt
Funcionatunic kg ton N e kg o mmber s
b Lorets P, L reltve 02 3 s o o0 5 A 0
8. Cycle: Emissions
Nodata
9. Impact Assessment: Emissions
sl 14 ot e s
b sod and . . et sl and i . R
2 bt sl st et sk E
T, Fer. 2972 s - sse
& St i, st i et E
T +
10. Impact Assessment: Resource Use
[
Funionst w14y f e
b sobd and b ol andiqi.
2 ot sl st et sl st
3 Tombaaui P, 2072 Co Tombac s
pr=s— et i, nstce.
T +
11. Impact Assessment: Impact Indicators
Curophicaton  frodatr GWPIGO  Humantoniiy  Temesil  Terstial Tl cumultive Toa ity
potntil e e potemin (16 addifction scoonkity  anergy domand_potenin 14
ooty o
Functonat e 14 Produit kgpoter  lgneDcen  kgcona  kgneDChey  kgSoa  koreCBer M) ktedcer
1 bt sold s - Bt sl
o
T rv———"
[
S Tamboc P 202 o T 00883 oaz 2 o avus womne u asn
PSR VR . .
o
e — +
12. Bibliography
Publication Title: Comparative environmental performance of rtsanal and use i Peruvian q @

Authors: Avadi et al
Year: 2015
Outlet: Aquaculture

Document DOI: 101016/} aquaculture.2014.08.001

13. Downloads

& Original Data (SON-LD) ‘ ‘ & Original Data (CSV)




Reducing agriculture’s environmental impacts through diverse producers 63

Figure 3.2. Screenshots of the https://hestia.earth platform. (A) The upload wizard provides

a set of interactive forms which are directly connected to the schema and Glossary of Terms.
This supports getting data into the HESTIA format. CSV files can be uploaded and downloaded
from the Wizard, and then edited offline which is useful for large uploads. (B) The data
validation view which is shown following the upload of a file. Detailed error messages are

given at each stage. (C) The data view on the https://hestia.earth website displays the content

of the underlying JSON-LD file(s) in an interactive view, with maps, graphs, hyperlinks to the
Glossary, and hyperlinks to the original article or dataset. The “Recalculated” button at the top

provides the results following gap-filling and recalculation.

3.4.2. Aggregation

We also automatically aggregate data on the platform into to estimate population-level
parameters of interest. We define the populations of interest as the ~600 crop and animal
products in the Glossary (e.g., Wheat, grain) for each country. Due to insufficient data to
create annual estimates, we currently specify the time period of interest as each decade for

which there is data.

There are multiple expected sources of bias in the sample data (i.e., the data on the HESTIA
platform), and we have designed the automatic inference process to reflect or account for these
where possible. Firstly, the samples can be small or zero for many products. Further, because
data remain incomplete in many areas for many Cycles (even after gap-filling and re-
calculation), the sample size is different for each blank node. To recognise this, we report the
sample size and sample standard deviation behind the population level estimates which would
allow a user to calculate indicators of sample reliability like the standard error. Unless the data

are clearly bounded, the amount of data required to support an accurate estimate of the


https://hestia.earth/
https://hestia.earth/
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minimum and maximum is typically very large, and we do not report these descriptive

statistics.

Secondly, the sample is not random because it is primarily from research studies. Research data
are often biased towards systems like organic farming of interest to researchers (Chapter 2), as
well as being biased towards research stations. To handle sampling biases, we stratify the
sample based on whether the Cycle is organic or conventional and (for crops only) whether it
is irrigated or rainfed, which are known to be practices of agri-environmental importance
(Licker et al., 2010; Seufert & Ramankutty, 2017) and for which we have independent data to
estimate the strata size. Results for these strata are available for download as they are of general
interest. An example would be “Wheat, grain — France — Organic, Rainfed —2010-2019”. While
this stratification removes many sources of bias, meaning the observations within each strata
tend towards a random sample, there remain likely sources of bias (e.g., towards other systems
of research interest like no-tillage) and further work is required to identify approaches to

reliably correct for these.

To understand the degree of remaining bias, we calculate indicators from the sample which we
can compare to census data (i.e., near population-level data). Specifically, we compare the
following to country-level data from FAOSTAT: crop yield; milk yield per cow; and liveweight
per head. The same comparisons were reported for the dataset behind Chapter 2 (see Tables
S10 to S11) and for the HESTIA platform, they are available on a dashboard which is updated

weekly (https://www.hestia.earth/aggregation/dashboard).

3.5. Application: a large-scale LCA of maize and pigeon pea farms in Myanmar

3.5.1. Background
Maize is a major export crop for Myanmar. International demand is driven by animal feed

production, in particular Chinese demand for chicken feed (FAOSTAT, 2021; Woods, 2015a,


https://www.hestia.earth/aggregation/dashboard
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2015b). Southern Shan is a major production region, representing around 21% of Myanmar’s
maize production (Aung, 2018). Hybrid maize varieties dominate (86% of households); maize
is primarily grown in the monsoon season under rainfed conditions (>99% of households);
maize is primarily fertilized with inorganic fertilizers (87% of households); and synthetic
pesticide use is limited (25% of households) (Fang & Belton, 2020; Win & Zu, 2019). Pigeon
peas are also an important export crop, mainly supplying India, however in 2018 the Indian
government banned imports fundamentally changing market conditions, leading many farmers

to leave the crop in the field as it was unprofitable to harvest.

3.5.2. Dataset

935 farms in the Southern Shan region of Myanmar, which cultivated maize and/or pigeon
peas, often using intercropping (fig. S15), were surveyed in June-October 2018 (Food Security
Policy Project, 2020). Farms were stratified by area to obtain a representative sample. Further
information on the survey design, dataset, and the process of converting the original dataset

into the HESTIA format are provided in the supplementary materials for Chapter 3. In the

sample, 52% of plots were mono-cropped maize, 13% were mono-cropped pigeon pea, and
35% were intercropped maize-pigeon pea. An analysis of the economic and productivity
aspects of these data has previously been undertaken (Fang & Belton, 2020; Win & Zu, 2019)

and here we use the HESTIA platform to assess environmental and further productivity aspects.

All geographic information were automatically gap filled using global datasets (supplementary

materials of Chapter 2). Quantities of crop residue were also automatically gap filled using the

IPCC (2019) models (which we adjusted for intercropping to avoid double counting the
intercept term in these models) (IPCC, 2019), and fates of crop residue estimated based on a

global dataset of crop residue fates by country and crop (supplementary materials of Chapter

2). Other emissions, resource uses, and characterised impact indicators were automatically

calculated using the models described in the supplementary materials of Chapter 2.
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3.5.3. Results
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Figure 3.3. Variability in the productivity and environmental impacts of maize and
pigeon pea producers in the Shan region of Myanmar compared to the global distribution
of producers. (A) Maize producers. (B) Pigeon pea producers compared to all pulse producers.

Myanmar data are from a survey of 935 farms in the Shan region (supplementary materials for

Chapter 3) and global data are from Chapter 2. For Myanmar, data are weighted based on the
area-based sample weights multiplied by crop yield to generate production weights, and for the
global data, observations are weighted by the estimated share of global production represented

by the observation (supplementary materials for Chapter 2) and then resampled 10,000 times.

Histograms represent the density of observations at different value intervals for each indicator.
They are normalized and smoothed using a Gaussian kernel with bandwidth selection
performed using visual inspection of the data. Heights of the distributions were rescaled for
display to set the largest bin count equal to one. Black arrows indicate that >5% of the data lie
outside the plot. Fisher-Pearson skews are presented and * indicates 90% confidence that the

sample is not from a normal distribution based on the Shapiro-Wilk W test. For GHG
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emissions, values in parentheses represent GHG emissions excluding emissions above and
below ground carbon stock change related to deforestation and other land use change. All

characterisation models are the same as Chapter 2.

The average land use per kilogram of marketable maize grain is 3.4 m?-year in southern Shan,
compared to 1.6 m?-year globally (Figure 3.3). Land use is a function of crop yield, the amount
of multi cropping, how long the fallow period is, the allocation to any coproducts produced
(we handle this using economic allocation, and treat pigeon peas as a coproduct), and the

amount of seed produced (supplementary materials for Chapter 2). Here, almost all the

difference is explained by crop yields, which were 3.2 t/ha in southern Shan, compared to 5.3
t/ha globally. While there was no multi cropping in the Southern Shan sample, compared to
around 20% of maize being multi-cropped globally (database behind Chapter 2), the fallow
period in Southern Shan was 0.15 years for every one year cultivated, compared to 0.29 years
for every one year cultivated globally. In total, the effects of less multi-cropping but also less
fallow largely cancel out. When intercropped, pigeon peas generated relatively little revenue
compared to maize, because they were typically planted one row of pigeon peans to four or
five rows of maize, and because prices were depressed in 2018, 95% of the impacts on average
went to maize. Because globally, intercropping is uncommon and maize stover is only
occasionally sold, the global economic allocation was fairly similar at 92%. In summary, here,
crop yields explained most of the difference in land use between maize from Southern Shan

and maize produced globally.

Comparing intercropped to mono-cropped maize, yields of intercropped maize were 2.9 t/ha
compared to 3.5 t/ha for mono-cropped maize (a 14% difference). However, land use was more
similar, 3.5 vs 3.2 m?-year respectively (a 9% difference). Here, the land use indicator is useful

in situations where multiple crops create valuable products from the same area of land.
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Interestingly, while the yield for pigeon peas is nearly ten times lower than maize (389 kg/ha
on average), the land use per kilogram is only three times higher (11 m?year). This is because,
on average across the intercropping and monocropping systems, 47% of the land area of each
plot was allocated to maize. Also interestingly, the yield difference between inter-cropping and
monocropping was relatively small (339 kg/ha vs 526 kg/ha respectively) given pigeon peas
were sown one row of peas per four or five rows of maize. While the economic benefits of
pigeon peas were low, they can be relatively productive when intercropped, generating protein

rich food.

While just fifteen out of the 833 Cycles producing maize were not harvested (e.g., because the
crop failed), 125 out of the 534 Cycles producing pigeon peas were not harvested due to the
import ban. However, reflecting Cycles with failed harvests in the two productivity metrics
used here — crop yield and land use — is currently not possible. The first methodological
challenge is that, under most definitions, yield is calculated as quantity harvested divided by
area harvested, rather than quantity harvested divided by area sown (FAOSTAT, 2013), and
under some definitions, failed or discarded harvests are then counted as crop losses. This means
crop yields only reflect successful harvests, creating a potential bias in this metric. An
alternative metric that uses area sown as the denominator may be a useful compliment to the
current yield metric, adding to other calls for alternative productivity metrics that account for
multi-cropping and nutrition (Cassidy et al., 2013; Sadras et al., 2015). The second
methodological challenge is that while land use accounts for many things that crop yield does
not (such as fallow periods), it cannot be used if a harvest fails because the denominator would
be zero. This highlights a key methodological challenge for the land use indicator which needs
resolving, particularly because this indicator is used in many subsequent calculations in LCA

methods (e.g., biodiversity loss related to land use (de Baan et al., 2013)).
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Greenhouse gas emissions per kilogram of maize and pigeon pea produced in Southern Shan
were four and ten times higher than the global average comparison respectively. This was
entirely due to greenhouse gas emissions from land use change. Removing emissions from land
use change and emissions are effectively the same or lower than the global average. In HESTIA
and Chapter 2, emissions from land use change are calculated using a model which looks at the
expansion of each crop at the national level and compares that to the contraction of forest and

other natural land (supplementary materials of Chapter 2). While we use a national model, and

more work is required to develop regionally specific land use change models, the devastating
effects of deforestation for cropland are very clear in satellite photos of Southern Shan (Figure
3.4). The survey data also confirms these results, with a huge 1.9% of farms reporting that the
land cover in the previous year was forest. Unlike Brazil where much deforestation occurred
on relatively undisturbed forest, the deforestation in Myanmar occurred as shifting cultivation
ran out of forest area to rotate into due to increased demand for maize, and more farms became

tied to certain plots of land (Win & Zu, 2019).

@ Taunggyi ’ @ Taunggyi

50km

Figure 3.4. Landsat images showing forest loss in the Southern Shan region of Myanmar.
(A) December 1984. (B) December 2020. Images are natural colour composites and green is
forested area while brown is primarily cropland. Red lines are the boundary of the Southern

Shan region and images are focused on the centre of Southern Shan.
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Acidification potential per kilogram of maize was higher in Southern Shan than global, but for
pigeon peas it was lower in Southern Shan. Much of the variation acidification potential is
explained by the ratio of inputs to crop yield. Freshwater and marine eutrophication potential
was higher in Southern Shan for both products, and the variability was also substantially higher
too. Eutrophication potential is strongly affected by geographical factors, such as slope
(Scherer & Pfister, 2015), and in Southern Shan, slope ranged from 5 to 13%, compared to just
0.9% for maize globally, driving much of the difference in eutrophication potential. This
highlights the importance of including geographic factors in assessments of eutrophying

nitrogen and phosphorus emissions from farms.

Overall, this application demonstrated the potential to automatically run the environmental
modelling aspects of a Life Cycle Assessment on typical data describing farms. This could

open up the potential for automated LCA modelling at the global scale.

3.6. Discussion

We have presented a data structure that can consistently represent agri-environmental data from
three major data areas that can describe a very wide range of different farms, food processors,
and agricultural supply chains. By splitting the data structure into a Schema and Glossary of
Terms, we can quickly add new Terms to the Glossary to deal with items or practices in the
agri-food system if they are not currently supported. Widespread adoption of this data format
could help improve knowledge exchange between researchers, farmers, food companies, and

other actors seeking to use these data.

We welcome anyone to raise new issues to improve our data format (at:

https://qgitlab.com/hestia-earth/hestia-schema or https://qgitlab.com/hestia-earth/hestia-

glossary/). Our current key development goals include:

« Integrating out data format into farm monitoring tools software through partnerships.


https://gitlab.com/hestia-earth/hestia-schema
https://gitlab.com/hestia-earth/hestia-glossary/
https://gitlab.com/hestia-earth/hestia-glossary/
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« Creating automatic converters from existing filetypes to the HESTIA filetype (e.g.,
converters from the DNDC filetype (University of New Hampshire, 2012), the
OpenLCA filetype (openLCA, 2022), and the ecoSpold? filetype (Ecoinvent, 2022));

« Adding better meta-data fields to describe experimental or sampling designs.

« Expanding the Glossary of Terms to cover antibiotics and more farm management
practices.

« Creating toolkits to allow easy use of our data format in statistical software like R.

We also presented a software toolkit that automatically validates, augments, and calculates
environmental impact indicators from data in this format. A key goal of this toolkit was to start
making models for calculating environmental impacts more easily available; for example, it
could be integrated into the accountancy or task management software that many farmers
already use; or used by existing and new sustainability monitoring tools. It could also be used
to power new research, for example allowing new Life Cycle Assessments to be easily and

quickly conducted. Our current key development goals include:

« Packaging up our models into an easy-to-use application programming interface (API)
which would remove the need for users to install and update the models and
dependencies and enable real-time access to the latest Glossary of Terms.

« Add more models, for example better models to estimate historical deforestation on a
particular Site or to estimate soil carbon stock changes.

« Improve the run order of the models so they are based on their predictive power over a

reference dataset rather than a simple tier system.

We also presented a data platform, allowing users to freely upload and retrieve both original,
recalculated, and aggregated data describing farms, agri-food processors, agri-food supply

chains, and final products. The data platform has the potential to increase structured data
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sharing, particularly between researchers, enabling new scientific research and discovery

around sustainability and productivity issues in agriculture. Our current key goals here include:

« Increasing the volume of data on our platform, particularly focusing on products and
countries where we are underrepresented (e.g., we currently have a limited amount of
data on cattle production systems on the platform).

« Increase the user friendliness of the platform.
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DATA AND MATERIALS AVAILABILITY

All data are freely available at https://hestia.earth/. The software toolkit and additional software

libraries are freely available at https://gitlab.com/hestia-earth.
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Chapter 4: Environmental impact labelling for more sustainable

and productive food supply chains

J. Poore & E.J. Milner-Gulland

Abstract: Delivering a sustainable and secure food system is a global priority. However,
information about the environmental impacts of food producers and products is limited today,
hampering progress towards this goal. Environmental impact labelling is a concrete action to
trigger the generation of environmental information in supply chains and encourage
improvements in sustainability and agricultural productivity. A well-designed environmental
impact labelling scheme would require farmers to monitor their environmental impacts and
productivity with digital tools, and these tools could then deliver customized advice to farms.
Better environmental information would enable and encourage behavior change by actors
throughout the supply chain, including consumers. The information impact labelling creates
could enable effective outcome-based policies. To realize its full transformational benefits,

widespread adoption and international collaboration will be required.
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4.1. Introduction

Environmental impact labelling (defined in Table 4.1), the schemes behind them (which
include the technology and governance for measuring and communicating environmental
information in supply chains), and the policies linked to the information on the labels, have
substantially reduced environmental impacts and improved resource use efficiency in multiple
sectors of the economy (IEA, 2021; IPCC, 2007a; The International Water Association (IWA),
2019). Energy use labelling schemes and associated minimum energy efficiency policies have
been called “the cornerstone of most national energy efficiency and climate change mitigation
programs” by the International Energy Agency, improving the energy efficiency of the
products they target at rates two- to three-times faster than in countries or under counterfactuals
without labelling (IEA, 2021). Water use labelling schemes have been successful in multiple
countries (The International Water Association (IWA), 2019). For example, in Australia they
reduced indoor water consumption by 13% between 2006 and 2020 compared to a

counterfactual (Figure 4.1K).
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Table 4.1. Types of environmental information on products. Definitions are generalized

from 1SO 14025, 14024, and 14021 respectively to cover more cases.

Focus of this Review

Environmental Impact

Standards-Based Labels

Environmental Claims

Labels
Definition A presentation of An indication that a Statements, symbols, or
quantified environmental |product has met graphics describing an
information related to environment-related environmental aspect of a
producing or consuming a | performance criteria. product.
product to enable
comparisons between
products fulfilling the
same function.
Examples « 1kg CO2eq / kg « Rainforest Alliance « Eco-friendly
« Impact Grade A « Organic « Low water use
Key Options |« If production-related, « Considers part or the « Claims can be self-

considers the life cycle
of the product and is
generally calculated
using Life Cycle
Assessment (LCA)

« Single or multi-indicator

whole life cycle of the
product

« Criteria can be informed
by LCA

« Certain technologies can
be precluded

declared or determined
independently

« Claims can be specific
or vague

« Claims can be verifiable
or non-verifiable

Comparisons

Intended if the methods

Intended, but only

Generally not possible.

Between and product function are | meaningful if the majority
Products the same. of products are assessed.
Improvement | Reflects improvements in |Once the standard is met, Improvements are
by Producers |environmental outcomes |improvement is generally generally not reflected.
Reflected (although can be hindered | not reflected.
iIf comparative ranking
schemes are not updated).
Global ~0% of food retail ~4% of farm-gate revenue ~30-35% of food and

market share

revenue in ~2018 (Figure
4.2).

in ~2018 (Figure 4.2).

packaged goods retail
revenue in ~2015 (Lucas
etal., 2021; Nielsen,
2015).
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Figure 4.1. Evidence from datasets and empirical studies on the effects of energy, water,
and greenhouse gas emissions labelling in non-food sectors of the economy. (A-E) Change
in the share of new products over time by label band (Alliance for an Energy Efficient Economy
(AEEE), 2015; APPLIA, 2021; Bureau of Energy Efficiency (BEE), 2021; Simon Fane et al.,
2018; Ministry of Housing Communities and Local Government, 2021; Ruby, 2015). The first

year is when the scheme began; the second is the last year for which data were available under
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the grading rules of the first year. For example (A) in 1992 when fridge and freezer energy
labelling began in the EU, 75% of fridges and freezers were rated G to D, while in 2018, 99%
were rated A++ or A+++. (F) Results of a modelling study decomposing the change in the
share of new products into the underlying rate of technological improvement (red) and the
additional effect of energy labels and minimum energy efficiency policies (green) (Schleich et
al., 2021). (G-H) Results from modelling studies estimating a counterfactual without energy
labels and minimum energy efficiency policies (red) compared to actual data (green) (S. Fane
et al., 2020; Lane & Harrington, 2010). Blue lines represent dates when labelling or minimum
energy efficiency policies were introduced or revised and fading indicates that these policies
were announced before introduction. (I) An example of multi-indicator labelling on
dishwashers in Australia. (J-K) Distributions by energy use index or fractional star rating
(Andor et al., 2020; Michel et al., 2015), showing that producers just exceed the threshold to

achieve the next best rating.

The food sector causes immense environmental damage and agricultural resource use
efficiency is well below potential in many regions (Foley et al., 2011; Godfray et al., 2010). In
response, many environmental labelling schemes have emerged (Gulbrandsen, 2006).
However, evaluations of whether the major schemes have reduced environmental impacts or
increased productivity typically find insignificant effects (DeFries et al., 2017; Meemken,
2020; Oya et al., 2018; van der Ven et al., 2018), and existing labels play a minor role in

consumers’ food choices in the shops today (Grunert et al., 2014).

One reason for their limited effectiveness is that in food there are over 65 different labels
worldwide which certify around 4% of global food revenue as environmentally sustainable
using different criteria (Figure 4.2). This means there is a near-universal lack of comparable

sustainability information about food. It also means that producers can choose to certify with
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less restrictive or less well enforced schemes, or simply not certify at all (van der Ven et al.,
2018). By contrast, where labelling has been successful, a single standardized scheme covers

every product in the market.

Another reason is that, in food, all the major schemes are standards-based (Figure 4.2). They
communicate that a standard was met (e.g., “Rainforest Alliance Certified”) rather than
reporting the environmental impacts of the product (Table 4.1). Once the standard has been
met, there are few incentives for continuous improvement by producers. Some standards-based
schemes, including Rainforest Alliance, have recently sought to address this problem and now
require a mix of mandatory and farmer-determined ongoing improvements to keep the
standard, but there is no evidence yet on their effectiveness of compliance rates. Further,
because standards-based labels do not label products as unsustainable, they do little to
discourage unsustainable food purchasing in supply chains and unsustainable consumption. In
sectors where labelling has been successful, all products report an environmental impact or
resource use indicator and each product is compared against alternatives. This encourages
producers to continuously improve and businesses or consumers buying products to change

purchasing behaviour (Bleda & Valente, 2009).
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Number of Schemes Maximum Agricultural Area Certified Maximum Revenue Certified
(each box represents a scheme) (million hectares) (billion US dollars, farm-gate)
70 - 140 1 140 -
66 schemes 4.0% of global _
Grey boxes represent small schemes farm gate-revenue
- certifying less than 500 million US

60 1 dollars of farm-gate revenue 120 4 120 4

2.6% of global

agricultural area
_ Two schemes reported greenhouse gas

emissions (Carbon Trust, Carbon Cloud)

50 A , 100 A
~ Five schemes reported a greenhouse gas

emission threshold had been met
(CarbonFree®, Climatop, Korean Low
Carbon, Label Bas Carbon, No/LowCO2)

100 A
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- Green Food China
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Figure 4.2. The number of existing environmental labelling schemes in food, their

maximum certified area and farm-gate revenue in ~2018. Long list of existing labels from
(EcoLabel Index, 2021; International Trade Centre (ITC), 2021; SAI Platform, 2021). Capture
fish, textiles, and biofuels are excluded; single company schemes (e.g., Nespresso AAA) are
excluded; business-to-business schemes (e.g., 4C) are excluded; schemes where environment
is not the primary focus (e.g., Fairtrade) are excluded; schemes without a consumer facing logo
(e.g., GlobalG.A.P.) are excluded. ~50 organic and biodynamic schemes with different
certifiers/criteria are grouped into a single “organic” scheme. Certified area per country per
product from (Certified California Sustainable Winegrowing, 2020; efeca, 2020;
Environmental Investigation Agency (EIA), 2020; Green Food China, 2018; LEAF, 2020; C.-
S. Lee & Yang, 2021; Meier et al., 2020; Ministere de 1’ Agriculture de I’ Alimentation, 2020;
New Zealand Winegrowers, 2016; Planet Proof, 2021; Willer et al., 2020). Multi-cropped areas

are counted once. If multiple schemes certify the same area, the area is counted each time as
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there is insufficient data to adjust for this (Meier et al., 2020), hence “maximum” certified area.
Farm-gate revenue is calculated from certified area and country average farm-gate revenue per
product per hectare (FAOSTAT, 2021) following (Voora et al., 2020). If certifications include
animal products, farm-gate revenue is calculated from total agricultural revenue per hectare per
country. Certified aquaculture volume from (Global Aquaculture Alliance, 2018; Potts et al.,
2016; Roebuck & Wristen, 2018) and total aquaculture volume and revenue from (FAO, 2020).
Total global agricultural area and farm-gate revenue from (FAOSTAT, 2021) adjusted to
exclude non-food products using food’s agricultural area share (Chapter 2). For the area and
volume estimates, 37 schemes lacked reliable data and likely certified less than 500 million US
dollars of farm-gate revenue (if these schemes in fact certified 500 million dollars each, the

certified farm-gate revenue share increases to 4.5%).

It might be argued that water- and energy-efficiency labels have been successful simply
because they reveal which products deliver long-term cost savings to consumers, whereas in
food the benefits of purchasing more sustainable products are non-financial or external to the
consumer, suggesting environmental impact labels may be less successful. However, multiple
international surveys have found that environmental concerns are as important as long-term
cost savings in predicting purchases of water- and energy-efficient products (Dieu-Hang et al.,
2017; Gaspar & Antunes, 2011; Handa et al., 2021; Millock & Nauges, 2010). In food, studies
have found consumers are willing to pay higher prices for more sustainable products (Bastounis
et al., 2021), and that consumers change purchasing in response to environmental information

(Potter et al., 2021).

In many non-food sectors environmental impacts are largely created during consumption, and
labels therefore report expected environmental impacts and express them per unit of

consumption (e.g., 95 grams of CO> emitted per kilometre driven). By contrast, in food,
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environmental impacts are almost entirely created during agricultural production and in supply
chains (Crippaet al., 2021). To reflect this, an effective food environmental impact label would
report the environmental impacts of production and express these impacts per unit of food
produced. This means improvements can be achieved in three ways: 1) reducing environmental
impacts, 2) increasing productivity (e.g., increasing crop yields), or 3) reducing food losses and
waste in the supply chain (T. Garnett et al., 2013). An impact labelling scheme in food could
therefore enhance productivity, food security, and waste-reduction as well as environmental
sustainability. This is a critical concept that underpins the rest of this Review. Here we do not
consider a label that expresses environmental impacts per hectare of land, because if
environmental improvements were achieved by reducing yield, and market demand remains

the same, production would occur elsewhere (called “leakage”).

The potential of environmental impact labelling in food is already attracting policy and industry
interest (LOI N° 2020-105 Du 10 Février 2020 Relative a La Lutte Contre Le Gaspillage et a
I’économie Circulaire, 2021; Food Labelling (Environmental Sustainability) Bill, 2021).
However, to date, research has focused on how these labels affect consumer behaviour
(Taufique et al., 2022), missing the broader effects these schemes can have. Here we
consolidate research from disparate sources on the potential effects of an environmental impact
labelling scheme on the productivity and environmental sustainability of the entire food supply
chain, as well as exploring the effects of policies linked to these labels. We leave analysis of
the economic and social aspects to future work. We then explore choices around designing the
scheme, including methodology and governance. Finally, we explore how environmental

impact labelling could become widely adopted in food.
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Environmental impact labels on Famers can identify sustainable inputs Environmental impact measurement using digital Farms achieve outcomes (e.g., lower greenhouse
packaging and online more easily tools becomes widespread gas emissions) rather than adopting prescribed
practices (e.g., no-till)

Farm-specific advice
becomes more accessible
through digital tools

Consumers buy
different products

Food companies reduce waste
and their facilities’ impacts

Environmental awareness increases Food companies reformulate and Better information helps companies
develop new products manage their suppliers’ impacts

Environmental taxes and subsidies can be based Minimum environmental performance policies can Other policies can be based on the label

on the label be based on the label

¢ Labelling pushes a requirement down the supply chain to monitor

— ahd cammunicate envirenmental impacts and praductivity l * Sustainability information is provided via a label or digitally

. ; . * Labelling stimulates supply of more sustainable products
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Figure 4.3. A graphical representation of the potential effects of environmental impact labelling on the food supply chain.
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4.2. Effects on agriculture

4.2.1. Environmental impact measurement using digital tools becomes widespread

Today very few farms measure important environmental indicators like greenhouse gas
emissions, biodiversity, or pesticide toxicity. Without measurement, these issues cannot be
properly managed. A food environmental impact labelling scheme — that was both well adopted
and based on farm-specific data rather than secondary data — would create a requirement for
farms to measure their environmental impacts and productivity. This would help scale up

environmental monitoring worldwide.

Environmental impacts can be estimated easily and cheaply using digital tools which apply
models to data describing a farm’s inputs, outputs, practices, soil, and climate. Examples
include the Cool Farm Tool and Field to Market. These tools require a computer or smartphone
with internet access, but these barriers to adoption are rapidly diminishing: in 2020, 94% of the
global population could access mobile internet signal and smartphones are becoming
ubiquitous worldwide; for example, smartphone use increased from 30% to 63% of adults in

South Asia between just 2016 and 2020 (GSMA, 2021).

Simply measuring environmental impacts can help reduce them. Farmers can understand areas
which are causing most impact, some of which might be straightforward to address.
Evaluations of the Cool Farm Tool found that farmers using the tool reduced their greenhouse
gas emissions per kilogram of product by 12 to 15% over one to three years (Table 4.2).
Quialitative evaluations and case studies have found other monitoring tools also help reduce
environmental impacts (Perez & Cole, 2020). However, evaluations using control groups and
assessment periods that are sufficiently long to understand persistence are entirely lacking

today, presenting a major research need. Research is also required on whether the record-
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keeping requirements benefit or burden farmers overall, and, if there is a burden, critical

analysis is needed of whether it is justified by the improvements experienced.

Validation of the accuracy of farmer-submitted data is critical. Satellite data can detect crop
types, growing seasons, irrigation, and other important factors (Karthikeyan et al., 2020), and
are already used by the EU to validate subsidy returns (European Commisson, 2018). Other
validation approaches include linking the digital tools to data on the purchases of pesticides
and fertilizers and then requiring that the farmer accounts for their subsequent usage. However,
many environmentally important practices (such as how pesticides were applied) cannot yet be
automatically validated, so in-person validation will remain important in some areas until

advances in automated validation reduce this cost.

4.2.2. Farm-specific advice becomes more accessible through digital tools

Because digital monitoring tools are collecting farmer data, this creates an opportunity to use
these data to deliver farm-specific productivity and sustainability advice to each farm. This is
important because there are different ways to manage each farm to improve outcomes (Chapter
2) (X. P. Chen et al., 2011; Vanlauwe et al., 2010) yet current advice can be generic, for
example blanket fertilizer recommendations for a crop in an entire country (Arouna et al.,
2021). Digital tools are also a very scalable and low-cost way to deliver advice. For example,
Precision Agriculture for Development’s digital tools increased their reach by one million
farms in 2020 at a cost of 1.30 US dollars per farm per year (Precision Agriculture for
Development, 2020). For context, the principal source of independent expert agronomic advice
in many countries is extension workers, but in Latin America, in-person extension costs 44 to
2,400 dollars per farm reached per year (Davis et al., 2020), and in Africa there is just one
extension worker per 550 farms (Davis et al., 2020; Lowder et al., 2016). For farmers already
using digital productivity or profitability tools, an environmental impact labelling scheme

would create incentives for these tools to include environmental indicators.
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Evaluations in China, Nigeria, and India, lasting between one and nine years and using a control
group, found that digital tools delivering farm-specific sustainability and productivity advice
increased crop yield by 6.8 to 18% and reduced nitrogen use or nitrogen losses per kilogram of
grain by 0.4 to 25% (Table 4.2). Depending on factors like literacy rates, advice was either
delivered directly to farmers through the software or delivered via extension services or
community leaders who used the software. VVoice recognition could also help where literacy is
low. Digital tools can provide further services to farmers, including access to training, credit,
insurance, subsidies, and markets. A preliminary review in Africa found these digital services
increased crop yields substantially (CTA, 2019). There is now a major research need for robust
evaluations on the effects of digital sustainability and productivity advice in different countries
and farming systems, and development of the fundamental software and data to provide

globally scalable site-specific advice.

4.2.3. Farms achieve outcomes rather than adopting prescribed practices

Prescribed practices dominate much environmental management today. For example,
standards-based labels certify that certain practices were followed, while policymakers widely
promote systems of practice such as conservation agriculture (Prestele et al., 2018). In general,
prescribed practices have very variable effects on different farms, with a tendency towards
sustainability and productivity improvements, but frequently showing no effects and
sometimes worsening outcomes (Chapter 2) (DeFries et al., 2017; Tuck et al., 2014; van der
Ven et al., 2018). A major challenge is that the practices available are chosen by policymakers
or other standard-setters who are unlikely to have detailed knowledge about specific farms.
Further, by design, prescribed practices restrict choice in many important areas (e.g.,
preventing the use of synthetic fertilizer in organic farming). By contrast, environmental impact

labels incentivize improvements in environmental outcomes. These outcomes can be achieved
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in whatever way the farmer chooses. This encourages innovation, supports farmer choice, and

enables least-cost mitigation (Jaffe et al., 2002; Segerson, 2013).

Despite the increased focus on outcomes prompted by environmental impact labelling, rules
and prescribed practices will remain critical for managing many issues. These include: impacts
not included in the labelling scheme; problems that could be effectively managed with clearcut
rules such as not burning crop residue near urban areas or ensuring appropriate animal welfare;
practices that should be avoided entirely such as agricultural organochloride use; and solutions
that work best at the landscape level across many producers, such as creating interconnected

wildlife refuges.
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Table 4.2. Potential effects of environmental impact labelling from lab and real-world interventions with farmers, supply chains, and
consumers. An obelisk () indicates the effect is calculated relative to a control group. An asterisk (*) indicates a real-world evaluation. GHG =

greenhouse gas.

Evaluation
Evaluation Description Duration Change in Indicator Over Period
Effects on agriculture
Environmental impact US organic egg producers measuring their 3 years « GHG emissions per kg of eggs: —15%
measurement using digital GHG emissions* (Vetter et al., 2018)
tools becomes widespread Dairy farmers in 13 countries measuring their 1 year o GHG emissions per kg milk: —12%
GHG emissions* (Cool Farm Alliance, 2020)
Farm-specific advice Nigerian rice farmers receiving site-specific 2 years . Yield: +6.8%"
becomes more accessible advice from a digital tool* (Arouna et al., « Nitrogen use per kg grain: —5.2%"
through digital tools 2021)
Nigerian maize farms receiving site-specific 2 years . Yield: +18%
advice from a digital tool* (Oyinbo et al., « Nitrogen use per kg grain: —0.4%"
2022)
Chinese cereal farmers receiving site-specific 9 years . Yield: +11%
advice from digital tools via extension* (Cui « GHG emissions per kg grain: —17%"
etal., 2018) « Reactive nitrogen loss per kg grain: —25%"
Indian vegetable farmers receiving site- 1 year . Yield: +11%"
specific advice from a digital tool via their « Nitrogen expenditure per kg grain: —4.6%"
cooperative leader* (Rajkhowa & Qaim, « Pesticide expenditure per kg grain: —6.5%!"
2021)
Farms achieve outcomes rather than adopting prescribed practices No evaluations found

Effects on supply chains
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Evaluation

Evaluation Description Duration Change in Indicator Over Period
Farmers can identify German cereal farmers choosing pesticides 5cycles o Pesticide toxicity index: —6.0%
sustainable inputs more with toxicity labels (Buchholz & Musshoff, « Profits: Insignificant effect’
easily 2021)
Better information helps Danish pig farms enabled by their buyer to 3 years « GHG emissions per pig: —6.7%
companies manage their monitor, reduce, and report their GHG
suppliers’ impacts emissions* (Danish Crown, 2020)

Food companies reformulate  Multinational company changing purchasing 9 years « Company-level GHG emissions: —11%
and develop new products from high- to low-emissions products*
(General Mills, 2020)

38 caterers monitoring the GHGs of the 920 3 years « GHG emissions per meal: —16%
million meals they serve* (Waite et al., 2021)

Food companies reduce UK companies disclosing food waste* 2 years « Processing or retail food waste: —17%
waste and their facilities’ (WRAP, 2020)
impacts UK companies disclosing their GHG 9 years « GHG emissions: —16%"

emissions* (Downar et al., 2020) « Cost of goods sold: +9.0%"
Consumers buy different Online supermarket displaying multi-indicator 1 shop « GHG emissions per kg: —12%"
products labels (Muller et al., 2019) « Acidifying emissions per kg: —11%°

« Eutrophying emissions per kg: —18%"
« Nutrition and prices: Insignificant effect’

Online supermarket displaying GHG labels 3 shops « GHG emissions per kg: —15%"

and a summary of the basket’s emissions
(Kanay et al., 2021)

Canteen displaying GHG labels (Osman et al., 1 week « GHG emissions per meal: —9.8%"
2021)
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Evaluation
Evaluation Description Duration Change in Indicator Over Period
Canteen displaying GHG labels (Brunneret 7 weeks  « GHG emissions per meal: —3.6%°
al., 2018)
Canteen displaying GHG labels* (Spaargaren 5weeks  « GHG emissions per meal: —3.0%"
etal., 2013)
Consumers can buy “less and better” No evaluations found
Environmental awareness increases, enabling stronger measures No evaluations found
Effects of policies linked to the label
Environmental taxes and Danish 2013 pesticide toxicity tax* (Miljg-og 6 years « Total toxicity of pesticide sales: —58%
subsidies can be based on the Fgdevareministeriet, 2018)
label Canteen with tax (E63 per t CO2) (Osmanet 1 week « GHG emissions per shop: —4.9 to —11%"
al., 2021)

Canteen with tax (£63 per t CO2) returned as 1 week « GHG emissions per shop: —9.4 to —15%
subsidy on low GHG foods (Osman et al.,
2021)

Shop with tax (£70 per t CO») returned as 2 weeks o GHG emissions per shop: —21%°
subsidy on all foods (Panzone et al., 2021)

Minimum environmental performance policies can be based on the label No evaluations found

Other policies can be based on the label No evaluations found
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4.3. Effects on supply chains

4.3.1. Farmers can identify sustainable inputs more easily

Farmers purchase around 400 million metric tons of fertilizer, seed, and pesticide a year
(FAOSTAT, 2021), but there is little comprehensible information communicated to them about
the environmental impacts of these inputs. For example, Safety Data Sheets are the principal
mechanism for communicating pesticide toxicity information, but they primarily provide lethal
dose 50 numbers (e.g., “Oral LD50 (rat): >5,000 mg/kg”) coupled with usage guidance and
warnings (Rother, 2018). Simple overall toxicity scores are not provided, nor are comparisons
against functionally similar pesticides and non-chemical methods. Few countries use
behavioural mechanisms like colour schemes to make the information salient. Safety Data
Sheets are read by just 30% of farmers in some regions (Dayanidhi et al., 2016) and for

conscientious farmers, substantial research is required to make an informed choice.

Labelling agricultural inputs in a similar format to food environmental impact labelling (Figure
4.3) would help make environmental information more available, more easily understood, and
more salient to farmers. For example, in a virtual farming study, traffic light toxicity labels on
pesticides led farmers to reduce the overall toxicity of their pesticide use by 6.0% over five
cropping cycles (Table 4.2). Famers would also need to input the toxicity and usage data into
their digital monitoring tools to quantify total effects and communicate this information up the
supply chain. With this information, the tools can provide advice and decision support to
famers. For example, a study developed a digital tool to automatically identify alternative
pesticides or doses which could reduce ecological toxicity by over ten-fold without
compromising performance or increasing cost (Steingrimsdottir et al., 2018). Similar
approaches could be used for other inputs like fertilizer. For the producers of agricultural
inputs, labelling also creates a standardized way to demonstrate the environmental performance

of their products.
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4.3.2. Better information helps companies manage their suppliers’ impacts

To label final food products with their environmental impacts, intermediaries, processors, and
retailers would need to collect data from the farms supplying them (Figure 4.3). Despite
hundreds of food companies setting ambitious targets to reduce the environmental impacts of
their supply chains (their “Scope 3” emissions), few collect data on their suppliers’
environmental impacts today. We assessed the Carbon Disclosure Project submissions (CDP,
2021) and sustainability reports for the year 2019 for the top 50 global food processors by
revenue and found that while 36 have set greenhouse gas emissions targets for their suppliers,
just nine were collecting emissions data from the farms supplying them, with the rest primarily

using global or regional average emissions datasets.

The companies which are already collecting supplier environmental impact data show this is
feasible. For example, FrieslandCampina collected biodiversity impact data on nearly 100% of
their member dairy farmers in 2019 (FrieslandCampina, 2019). Danish Crown collected
greenhouse gas emissions data on half their pork purchases in 2020 (Danish Crown, 2020) and
then used these data for their corporate sustainability reporting. Smaller food companies may
currently not have enough influence over their suppliers to require environmental impact data;
a labelling scheme which made on-farm data collection and communication widespread could

address this.

With environmental information from their suppliers, food companies are already using
multiple strategies to enable and encourage their suppliers to improve. Danish Crown provided
their pork suppliers with an analysis of their sources of impact and options to improve, which
was followed by a 6.8% cut in their suppliers’ emissions per pig over three years (Table 4.2).
Other companies disclose their strategies but not their effectiveness. For example, Kellogg’s
identifies their highest-impact suppliers and targets them with advice. Fonterra identifies their

lowest-impact suppliers and enables them to share knowledge with other farms.
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FrieslandCampina pays higher prices to suppliers with high biodiversity scores

(FrieslandCampina, 2019).

4.3.3. Food companies reformulate and develop new products

Nutritional labelling has already been effective at incentivizing food processors and caterers to
reformulate and launch new products (Shangguan et al., 2019; Vermote et al., 2020). Examples
of reformulations which can deliver environmental benefits include blending plant-based
protein into meat burgers or using plant-based milk instead of dairy milk in bakery products
(Chaudhary & Tremorin, 2020). Reasons for reformulating following labelling include
avoiding loss of sales from disclosing negative product attributes, minimizing the risk of future
regulation, competing on the attributes highlighted by the label (Golan et al., 2007), or because

individuals within companies have environmental values and respond to the new information.

While there are currently no studies to our knowledge on the effects of environmental impact
labelling on reformulation and new product development, there are multiple isolated cases of
food companies using and responding to environmental information. For example, General
Mills delivered an 11% reduction in their greenhouse gas emissions per year over nine years
primarily due to reduced purchasing of dairy and other high-emissions ingredients (Table 4.2).
The World Resources Institute created a tool which calculated the greenhouse gas emissions
of the ingredients used by caterers, which was followed by a 16% reduction in the greenhouse
gas emissions per meal over approximately 3 years as caterers shifted from beef and dairy to
vegetables and grains (Table 4.2). An environmental impact labelling scheme could help scale
these effects to the level of the whole food sector and provide additional stimuli catalyzing

reformulation.

To enable these changes, the information provided must allow comparisons between different

but potentially substitutable commodities (e.g., beef against pulses) and not just comparisons
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between different producers of the same commaodity. Standards-based schemes, however, only
state whether a producer of a certain commodity has met some standard. RSPO goes further
and actively prohibits comparison with other commodities (RSPO, 2020), stating “Members
must not make claims which imply that the removal of palm oil from a product is a preferable
social or environmental sustainability outcome to the use of RSPO certified sustainable palm
oil” (RSPO, 2017). Environmental impact labelling schemes can generate standardized
information to enable both within- and between-product comparison of functionally equivalent
products, but functional equivalence is difficult to define, and we discuss key methodological

choices later.

4.3.4. Food companies reduce waste and their facilities’ impacts

Companies representing ~50% of UK food production now disclose their food waste, which
was followed by a 17% reduction in food waste over approximately two years (Table 4.2). Also
in the UK, public companies have been mandated to disclose the greenhouse gas emissions of
their own facilities since 2013, which led to a 16% reduction in emissions compared to a control
group over nine years (Table 4.2). It is reasonable to think similar benefits could be achieved
if companies disclosed product-level environmental impacts through a label. However, when
companies use different methods to disclose their impacts or can choose not to disclose, the
effectiveness of disclosure is reduced and schemes can even be counter-productive (Velte et
al., 2020), highlighting the importance of methodological harmonization and widespread

adoption.

4.3.5. Consumers buy different products

Today, buying sustainable food is difficult and time-consuming (Young et al., 2010) and it is
easy to unknowingly purchase products which cause substantial environmental harm. In a
systematic review of 76 interventions, sixty found that making environmental information

available to consumers increased the sustainability of food selection, purchase, and
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consumption (Potter et al., 2021). However, these studies considered choices between just two
products on average, meaning the results of this systematic review are hard to generalize to
real-world settings where consumers are choosing between many products (e.g., 1000 to 20,000
food products in a single supermarket in industrialized countries (EY et al., 2014)). Three
studies tested environmental impact labels in real-world supermarkets, and all found impact
labels led consumers to reduce environmental impacts, but their interventions were limited to
between five and 37 products (Perino et al., 2014; Vanclay et al., 2010; Vlaeminck et al., 2014),

also making these results hard to generalize.

Two more recent studies used virtual online supermarkets with enough products to represent a
plausible food shop: environmental impact labels led consumers to reduce the impacts of their
shop by 12 to 18% (Table 4.2). In canteens, real-world and virtual experiments have found 3.0
to 9.8% reductions in impacts (Table 4.2). The higher effect in retail over catering may be
because canteens have fewer choices than supermarkets, meaning consumers are less likely to
find a product that is both appealing and low environmental impact, or it may just be an artefact
of the experiments. Nevertheless, these studies remain experimental and real-world testing is
now needed. Longer-term evaluations will also be critical; specifically, evidence in non-food
sectors has found it takes many years for consumers to fully understand and build trust in

environmental impact labels (Mills & Schleich, 2010; Thggersen, 2002).

The information created by an impact labelling scheme can also be used to help consumers
make sustainable choices even more easily. For example, one study found that allowing online
shoppers to filter by low emissions foods was very effective at reducing emissions (Panzone et
al., 2021) while another study found that positioning low emission foods first in real canteens

reduced emissions (E. E. Garnett et al., 2020).
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4.3.6. Consumers can buy “less and better”

The large-scale retail and catering studies in the previous section used product average
environmental impacts, and therefore incentivized changes between products (e.g., beef to
chicken). Environmental impact labels can also provide information about the sustainability of
different producers of the same product. With this information, consumers could both reduce
consumption of a high-impact product and purchase from lower-impact suppliers of that
product (what some have called “less and better” (Resare Sahlin et al., 2020)). For example, if
global beef consumption was reduced by 50% by reducing consumption from the highest
impact producers, and the protein deficit made up with vegetable proteins, agricultural land
requirements would reduce by 1.2 billion hectares and greenhouse gas emissions by 4.0 billion
metric tons of CO2eq (Chapter 2). This is a huge 25% reduction in agricultural land and a 7%
reduction in greenhouse gas emissions across all sectors of the economy. These benefits are so
large because a relatively small number of high-impact producers cause a disproportionate
share of the environmental harm (Chapter 2). The effects of consuming fewer discretionary
products (such as chocolate), consuming less food overall, and wasting less food, could also be
magnified into larger environmental benefits if consumption reductions target the highest-
impact products (Chapter 2). While modelling has revealed the potential benefit, behavioural

research is now needed to study the realizable benefit.

4.3.7. Environmental awareness increases, enabling stronger measures

Environmental impact labels provide sustained and consistent messaging, which builds
consumer awareness. Increased environmental awareness can then increase public
acceptability of stronger measures by businesses and policymakers to address environmental
problems (Marteau, 2017). In a parallel example, consumer awareness of caged hen welfare
increased demand for free-range eggs while free-range egg labelling (which began in the

1980s) increased consumer awareness about hen welfare, and enabled consumers to make
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informed choices (Scrinis et al., 2017). This growing consumer awareness made it easier for
retailers and policymakers to make welfare-improving changes: starting in the 1990s many
food retailers, particularly in Europe and Australia, enacted 100% free-range egg policies in
their stores despite continued demand for caged eggs; and in 1999, the EU enacted regulations
to ban the worst types of cage. Research has attributed this action to labelling and consumer

awareness (Scrinis et al., 2017).

4.3.8. In some circumstances, labelling can have adverse effects

Environmental impact labelling might worsen the status of indicators reported on the label
through unexpected effects. In non-food sectors, the cost savings created by energy labelling
led some consumers to purchase more or larger products, called the “rebound effect” (Inoue &
Matsumoto, 2019). In food, environmental impact labelling could lead to higher agricultural
productivity, potentially reducing food prices (e.g., if producers focus on improving
productivity, the denominator in the label and a powerful way to reduce impacts per unit of
food, rather than on reducing environmental impact, the numerator (Lam et al., 2021)). On the
other hand, investments to increase sustainability may increase food prices. No evaluation of
the potential effects of impact labelling on food prices, supply, and demand has been
conducted, and this is an urgent research need. There is also some evidence that after people
reduce their environmental impacts in some area (e.g., food) they increase them elsewhere (e.g.,
travel) (Meijers et al., 2019) although it is not clear how well these studies replicate or if they

apply here.

Environmental impact labelling could potentially worsen issues which are not included in the
labelling scheme, particularly if these issues are already insufficiently managed by existing
policies or standards. For example, in experiments, environmental impact labelling led to high-
impact beef being replaced by lower-impact chicken (Brunner et al., 2018). Producing a metric

ton of meat carcass requires around 610 chickens to be slaughtered compared to around 5 cows



Chapter 4 98

(FAOSTAT, 2021) raising ethical problems. Another challenge is that some farmers may see
price decreases or lose market access if their products are identified as high environmental
impact, which might create social welfare problems if they cannot improve (e.g., their land is
only suitable for producing high-environmental impact products like beef or if they cannot
afford to adopt more sustainable practices). Food system approaches combined with modelling
are required to identify stakeholders and the potential effects of impact labelling on them,
creating the information to understand trade-offs between economic, social, animal welfare,
food security, and environmental goals. Complimentary policies can minimize trade-offs with
issues not included in the scheme, for example subsidies for research and development of lab

grown meat or subsidies to diversify farm income.

4.4. Effects of policies linked to the label

4.4.1. Environmental taxes and subsidies can be based on the label

Pricing an environmental externality with a tax, subsidy, emissions trading scheme, or other
financial instrument, is an important part of the policy toolkit (Hepburn et al., 2020) and has
been a powerful addition to impact labelling schemes in non-food sectors. However, a lack of
environmental impact information is a key reason why agriculture is currently excluded from
environmental impact pricing policies (Isermeyer et al., 2019). Instead, many countries pay
farmers to adopt practices thought to go beyond business-as-usual. For example, farmers in the
EU were paid around 17 billion euros in 2020 for adopting various climate and biodiversity-
friendly practices (Stolze et al., 2016). Problematically, there is little data on whether these
payments reduced overall biodiversity losses or greenhouse gas emissions (Alliance Europe,
2019). Impact labelling schemes create information on the environmental impacts of farms, so
policies can be directly linked to this information. The same information allows policies to be

evaluated and adjusted.
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Taxes can also be applied to final food products. Research in virtual canteens and supermarkets
has found that greenhouse gas emission taxes which increased prices by 1.0 to 6.8% lead to
emissions reductions of 4.9 to 21% (Table 4.2). The larger emissions reductions and lower
price increases were achieved by redistributing the tax as a subsidy to other foods.
Environmental information is necessary for these policies and a labelling scheme would
provide this. In non-food sectors, taxes on final products have also led to substantial behaviour
change by manufacturers (Mock, 2015), but there is currently no equivalent evidence in food.
However, a tax linked to the toxicity of each pesticide sold to farmers was introduced in
Denmark in 2006. This led to a 58% reduction in the total toxicity of purchased pesticides over

six years, demonstrating major mitigation by producers (Table 4.2).

4.4.2. Minimum environmental performance policies can be based on the label

Minimum environmental performance policies remove the highest impact products from the
market. They generally rely on the data generated by environmental impact labelling schemes
(such as the greenhouse gas emissions of a product). If well enforced, they are a highly effective
and predictable mechanism to achieve sustainability goals (Sonnenschein et al., 2019). They
work by removing choices available to consumers and incentivizing producers to improve in
order to remain in the market. They are currently used in 97 countries (CLASP, 2021). For
example, in Malaysia since 2014, appliances with a 1-star rating cannot be sold or imported
(Salleh et al., 2019). In food, such policies could be particularly effective because around 25%
of producers cause 53% of each product’s environmental impact (Chapter 2). However, there
is need for research into the economic and social consequences of such policies in the food

sector.

4.4.3. Other policies can be based on the label
Public procurement spend represents 10-30% of global GDP and a growing share of this spend

is linked to the grades of environmental impact labels in non-food sectors (UNEP, 2017). For
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example, many European public bodies can only purchase vehicles with emissions
corresponding to an approximately B grade or higher (Quintero et al., 2019). Governments can
also offer loans for sustainable investments. For example, in Germany, loans are offered to
improve household energy ratings (Henger et al., 2013). Governments can also act as a
powerful intermediate buyer. For example, in India, the government bought millions of energy
efficient lights and re-sold them to consumers, which provided manufacturers with capital to
increase production and compete and decreased risks associated with capital investment,
cutting prices of the most efficient lights by 70% in four years (Chunekar et al., 2019). Different
advertising and promotional policies for different products could also be linked to the label

grade.

4.5. Designing the labelling scheme

4.5.1. Governance

Trust in the information behind a labelling scheme is critical for its success. This can be
achieved through good governance, including: ensuring financial independence of the
governing body from label users; ensuring the scheme is transparent and science-based;
engaging stakeholders early; and regularly re-appraising the scheme in light of new information
(Burgass et al., 2017). The organizations who often taken on this role are national or
international governments (such as the EU or UN) or trusted well-funded independent groups
with substantial convening and organizational capability. However, initial private sector
attempts at developing such a scheme (e.g., France’s “Eco-Score”) can create viable options

and enable early piloting.

Good governance will also be essential to increase the accuracy of the environmental models
used by the digital farm monitoring tools and in supply chains. Many existing farm monitoring

tools use models which were built for national greenhouse gas inventories (Macsween &
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Feliciano, 2018) yet these models have low accuracies when applied to individual fields (S. J.
Del Grosso et al., 2016; Ogle et al., 2010; Tesfaye et al., 2021). However, existing models with
higher predictive power generally require more data (S. J. Del Grosso et al., 2016), and the
need to collect these data could reduce usage or burden farmers. To incentivize new model
development, ensure poor performing models are not used, and deliver this without
substantially increasing the data-collection burden on farmers, a governing body could set and
update minimum predictive thresholds for environmental models against reference databases

of field-measured emissions and biodiversity data.

Further, where low predictive accuracy persists, different models could give very different
results for the same field, enabling users to “shop around” for tools which represent them more
favourably. One solution is for the governing body to standardize which models can be used
across tools. Ideally this standardization would be international, ensuring that different
countries can’t gain competitive advantage by using models which present their performance

more favourably.

4.5.2. Products included

While labelling virtually all products using farm-specific and supply chain specific data is
critical to enable the system-wide transformation we have discussed, careful exceptions could
make the scheme more cost-effective without compromising its overall success. For example,
to reduce costs, food processors might use average environmental impacts instead of farm-
specific data for ingredients which represent a small share of a product’s overall environmental

impact.

Products might also be temporarily excluded if there are scientific challenges associated with
monitoring or comparing their environmental impacts, and instead managed with standards.

For example, overharvesting is a dominant environmental problem for wild-caught foods such
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as fish, but there are currently few reliable methods to compare indicators of overharvesting to
indicators relevant to agriculture and aquaculture, suggesting wild-caught foods should be

excluded from early versions of the scheme until this research challenge is overcome.

4.5.3. Functional unit

The functional unit (what the environmental impacts are expressed “per”) can link environment
indicators to agricultural productivity and human nutrition. A mass-based functional unit (e.g.,
100 grams) creates a strong link to both environmental impact and agricultural productivity
and is also easily understood (Lemken et al., 2021). However, including some aspects of
nutrition in the functional unit (e.g., 100 grams of protein, for products that are generally
consumed for protein) would allow more meaningful comparisons between functionally similar
products with different nutritional densities such as beef and beans (Grigoriadis et al., 2021).
In particular, this would help consumers and others buying food to realize the tremendous

environmental benefits of diets low in animal products.

Multiple research challenges remain outstanding here. While accounting for nutrition in a
detailed way can penalize improvements in productivity or sustainability which reduce
nutritional density (Cassidy et al., 2013; Fan et al., 2008), trying to control for multiple
nutrients in an environmental label could make it too complicated and mix important
information which is better conveyed separately (e.g., with nutritional labelling). Further, not
all nutrients need to be obtained from a single food, and product-specific nutritional measures
can easily fail to capture this (Muller & Ruffieux, 2020). Additionally, not all food is bought
for nutrition, and it remains unclear how environmental information should be communicated
when there is a choice to simply consume less of something without replacing it with something

else (e.g., chocolate).
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4.5.4. Choosing and weighting indicators

Food production causes many environmental issues and single-indicator labels (e.g., “carbon
labels”) miss environmental problems of high global concern. However, requiring that the
supply chain measures and reports many indicators (e.g., the twenty indicators of the EU’s PEF
scheme) would make an impact labelling scheme difficult to manage and comprehend. One
solution would be select a subset of the highest priority indicators to include in the impact
labelling scheme and manage the rest with standards. For example, the PEF ozone depletion

indicator could be managed by stronger regulation of ozone-depleting substances.

Consumer research suggests weighting different indicators into a single score makes a label
easier to comprehend (Hagmann & Siegrist, 2020; Weber, 2021). Some products can perform
well one indicator but badly on another (e.g., low pesticide toxicity but high water use) and
single scores can help producers and consumers navigate these trade-offs because the weights
behind them state which indicators are most important. More broadly, different environmental
issues are of different importance, yet the weights assigned to them are often implicit (for
example based on media or political attention) and an explicit and transparent weighting

between indicators could help create societal alignment around environmental goals.

Different approaches are available to prioritize and weight indicators. Early approaches were
based on taking averages of public or expert opinions or by assessing progress towards policy
targets (Sala et al., 2018), but these approaches placed strong faith in people’s opinions and
current policy, lacking a robust scientific basis. More recently, models such as LC-Impact
(Verones et al., 2016) have built empirical models of how much issues such as deforestation
and pesticide toxicity contribute to “final” environmental and human outcomes. The main final
outcomes considered are biodiversity loss, human health, and natural resource depletion.
However, there is a knowledge gap around how accurately LC-Impact and other similar models

predict observed data (such as historical biodiversity loss). There has also been insufficient
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analysis of the value judgements behind weighting and prioritization approaches;

interdisciplinary research on this topic incorporating ethics is therefore a priority.

4.5.5. Benchmarking and grading

Benchmarking and grading converts data which can be difficult to interpret (e.g., “5E-15
species destined for extinction per year per 100g protein”) into a comparative message (such
as “Grade A”). Grades trigger stronger behavioural responses than numerical information by
providing a simple mental shortcut that enables easier and faster decisions (Andor et al., 2020;
IPSOS & London Economics, 2014; Lupiafiez-Villanueva et al., 2018; Newell & Siikaméki,
2014). Consumers seem to perceive “Grade A” as an anchor point, and anything less than A as
a loss (Olander & Thggersen, 2014). The greatest behavioural response seems to occur in
grades A to G, while grades such as A+ and A++ stimulate less change by consumers and
producers (Commission Delegated Regulation (EU) 2019/2016 of 11 March 2019
Supplementing Regulation (EU) 2017/1369 of the European Parliament and of the Council
with Regard to Energy Labelling of Refrigerating Appliances and Repealing Commission
Delegated Regulation, 2019; Olander & Thggersen, 2014). However, some consumers value
more detailed information which can help increase the credibility of the label (Andor et al.,
2019; Millie et al., 2019; Potter et al., 2021), and a solution could be to put grades on the front-
of-packaging or prominently online, and provide more detail on the back-of-packaging and

elsewhere online.

The most widely used benchmarking method in non-food sectors is to compare the product’s
impacts to others in a defined category (e.g., in food, this could be beef from a certain farm
against all other protein-rich foods), making an allowance for future improvements, and using
cut-off values to assign grades. An alternative might be to benchmark a product against a
known ecological threshold or policy target, such as limiting warming to 1.5 degrees. These

methodological decisions are extremely important, and to our knowledge, there are currently
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no experimental or model-based evaluations of how different grading methods would affect

ultimate environmental outcomes.

4.5.6. Label design

While there is scope for different label designs, certain aspects stand out particularly strongly
from research and experience to date. A near-global social norm is that red means “stop” and
denotes “danger” while green means “go” and connotates “life” (H.-C. Yu, 2014), and labels
that use red-green colours outperform those that do not (Meyerding et al., 2019; Panzone et al.,
2020). Ensuring the label is distinctive and prominent to consumers is important (Carrero et
al., 2021), and this probably requires a design that is different from existing nutritional and
standards-based labels, as well as placing the label on the front of packaging. Seeking to drive
both an emotional and rational response is important, and visual cues (for example integrating
an image of planet earth into the label) may help trigger these cognitive processes (Dolan et

al., 2012).

4.6. Achieving widespread adoption

The success of an environmental impact labelling scheme depends on virtually all producers
monitoring and communicating their impacts, whether they are high- or low-impact (Hagmann
& Siegrist, 2020). In some sectors, businesses alone have achieved sector-wide adoption, but
has only happened when there are a small number of companies in the market and they all
benefit economically from labelling (Ruby, 2015). This seems unlikely in food as the sector is

relatively fragmented and many producers could lose out from labelling.

In some sectors, environmental NGOs have also been instrumental in increasing the adoption
of labelling schemes (Gulbrandsen, 2006). Trust in business-led schemes can be low (Rubik &

Frankl, 2005) and NGOs can help increase trust, which makes consumers more likely to
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purchase labelled products (Thggersen, 2002). However, there are no examples to our

knowledge of NGOs achieving sector-wide adoption.

Existing standards-based schemes could collaborate around a new impact labelling scheme.
However, existing standards-based schemes differ substantially in the environmental issues
they place value on and how they measure them (Dendler, 2014; International Trade Centre
(ITC), 2017). That there is no single science-based definition of sustainability should not be
surprising because science cannot tell us what to value, it can only give us facts and evaluate
solutions. For example, it cannot tell us we should care about climate change, only that it is
happening, its effects, and options for addressing it. To make progress, existing standards-
based schemes could try to establish as much consensus as possible on a sector-wide
environmental impact label, but still maintain their own labels reflecting their values. However,
it is unclear whether there are sufficient incentives for them to do this, given their financial

dependence on selling their own labels.

Given the above limitations on businesses, NGOs, and existing labelling schemes, government-
mandated labelling is probably essential to achieve widespread adoption in food. Governments
can also help standardize labelling methodology, provide initial funding to develop the scheme,
help producers with the costs of transition and the risks of adopting new practices, and increase
compliance (Banerjee & Solomon, 2003; Gulbrandsen, 2006). However, governments rarely
act unilaterally without license from businesses and voters (Grofke et al., 2021; Scrinis et al.,

2017).

Stakeholder interviews therefore suggest widespread adoption of environmental impact
labelling in food could happen in stages: early adoption driven by NGOs and companies who
might benefit; later adoption by risk-averse actors such as large food companies; with

policymakers encouraging or mandating labelling once the scheme is proven (Grofke et al.,
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2021). This pathway mirrors other sectors: for example, UK window energy labels were
developed by publicly-funded researchers; rapidly adopted by companies who could improve
their efficiency and would benefit; encouraged by government in 2006; and in 2010

policymakers set a minimum grade of C for all new windows, effectively mandating labelling.

4.7. Conclusion

In agriculture, environmental impact labelling would help deliver many of the components
necessary for the next agricultural revolution (Annan et al., 2016): the incentives to adopt
digital farm monitoring tools, the data and digital infrastructure to deliver knowledge sharing
and advice at scale, and a shift of focus from adopting practices to achieving productivity and
sustainability outcomes. The information created can propagate through supply chains to
incentivize more sustainable input production, enable product reformulation, change food
purchasing, and increase environmental awareness. The information created would also enable

effective policies to be designed, monitored, and implemented.

While the effects of each change are relatively small on their own (Table 4.2), in aggregate
they can produce a large overall effect. For example, the effects of digital monitoring tools on
farming are likely to be independent of, and additive to, reformulation and consumer behaviour.
However, some of the changes will interact, diminishing or increasing others (D’Haultfceuille
et al., 2016; Perino et al., 2014). While we need to better understand these interactions, it is
clear that an environmental impact labelling scheme could bring together and trigger many
powerful sustainability and productivity solutions. From a policy perspective, requiring an
environmental impact label on food products is a relatively clear and unambiguous action to
take. This aggregation of multiple effects, delivered through a relatively clear action, is what

makes environmental impact labelling in food such a promising solution.
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Chapter 5: Discussion

Human beings have inflicted a devastating toll on natural ecosystems and the species that
inhabit them. This century could bring further environmental tragedies, including the near
complete loss of tropical coral reefs due to climate change (IPCC, 2018) and the deforestation
of the majority of the Congo rainforest (Tyukavina et al., 2018). At the same time, some 770

million people suffered from hunger in 2020 (FAO, 2021c).

This thesis sought to understand and create solutions to environmental and productivity issues
in the agricultural and food sectors. To understand these issues, | considered the diversity of
agricultural producers and food supply chains in greater depth than has been done by prior
research. | started by synthesising, harmonising, and analysing data from a large range of
producers and products which provided rich data and new insights. From this foundation, 1
created and began implementing solutions to sustainability and productivity issues. Here |
provide a brief summary of the main research results, the implications of these results, and then

identify important areas for future work.

5.1. Summary of research results and implications

Chapter 1 extended the thinking of other researchers, particularly Emile Frison and Tim Benton
(Benton et al., 2003; Frison, 2008; IPES-Food, 2016), to develop ideas about productivity and
sustainability solutions under high agricultural diversity. | presented evidence that because the
same solutions have been applied across the entire agricultural sector, this has led to: a)
declining agricultural diversity, subsequently causing biodiversity loss; and b) these solutions
being less effective in areas with high agricultural diversity and where farmers cannot
standardise their farms (e.g., sub-Saharan Africa). This implied that to achieve environmental

and productivity gains, we need to better understand the effects of agricultural diversity on
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productivity and environmental outcomes and design solutions that are effective under

agricultural diversity.

Chapter 2 used a meta-analysis of Life Cycle Assessment studies to build a global dataset on
the variability of environmental impacts across different food products and producers. The
dataset extends and improves prior research (Clune et al., 2017; Colomb et al., 2014; Cui et al.,
2018; de Vries et al., 2010; Gerber et al., 2013; Nemecek, Bengoa, et al., 2015; Nijdam et al.,
2012; Tilman & Clark, 2014) by being methodologically-harmonised, reconciled to
independently estimated values, multi-indicator, including a wider range of products and
producers, and by focusing quantifying statistical measures of variability (such as percentiles
and distributions, rather than means). A major finding was that there was very high variability
in the environmental impacts and productivity between both different producers of the same
product, and between different products. For example, there is a 29,600% difference in the land
use and a 41,800% difference in the GHG emissions between 90" percentile impact beef
producers and 10" percentile field pea producers per 100g of protein. Even considering arable
land alone, there is still a 9000% difference between 90" percentile impact beef producers and
10" percentile impact field pea producers per 100g of protein. This implies there is substantial
potential to change how food is produced, change which types of food we purchase, and change
the producers we purchase from. Chapter 2 quantified some of these benefits; for example, a
no animal products diet could reduce agricultural land use by 3.1 billion hectares (76%) while
converting the food system from a net carbon source of around 13.7 billion tonnes of CO2eq to
a net carbon sink of around -1.0 billion tonnes of CO2eq. This emissions reduction represents
a 28% reduction across all sectors of the economy, making this the largest effect size found

from diet change in the peer-reviewed literature to date.

Using the dataset presented in Chapter 2, and drawing on prior research, we developed a

framework to increase environmental sustainability and productivity in the food system. It
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involves farmers measuring their impacts using digital tools, choosing from different
sustainability and productivity options to improve performance, and communicating their
results up the supply chain and through to consumers as an environmental impact label. A key
difference between the Green Revolution of the mid-20" century and today is that digital
technology allows us to understand individual farms, deliver options to improve that are
tailored to their needs, and do this on a global scale. This means the advice can change to fit

the farm, reducing the need for the farm to change to fit the advice.

Chapter 3 built a way to represent information describing diverse agricultural producers in data.
It focused on data that famers and researchers would typically collect during record keeping or
surveys that is necessary to track environmental and productivity indicators. In Chapter 3 we
reviewed a range of existing data formats, but no data format has yet been built to represent
such agri-environmental data consistently. A key finding was that our data format could
consistently and comprehensively represent LCA data, farm survey data, and agricultural field
trial data from multiple sources and different types of producer (we documented six examples
of this in the chapter and referenced the online data platform which currently contains data
from over 250 sources). The implication is that there are no longer excuses for different,
incomparable, and opaque ways of representing data that have such high humanitarian and
environmental importance. Standardisation around a data format would deliver major benefits,
and this chapter shows that standardisation is feasible. Chapter 3 also presented a data platform
for researchers to directly upload and share their research. This facilitates knowledge transfer,

which would also deliver major benefits.

Chapter 3 then presented a software toolkit which validates, gap-fills, and calculates
environmental impacts. This has multiple functions ranging from checking research data for
errors or harmonising LCAs to use the same methods. A key function would also be to

empower farmers to calculate their environmental impacts. EXisting approaches to allow
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farmers to calculate their impacts are tied to certain software, meaning farmers need to install
and use a new software package to access environmental monitoring. Instead, our toolkit can
be embedded in the tools farmers are already using (such as record keeping tools). Other tools
have further limitations (such as only calculating greenhouse gas emissions) or not validating
farmer data. Combined with a desire by farmers to reduce their impacts, or combined with

financial or non-financial incentives, this toolkit could directly support reductions in impacts.

Chapter 4 then explored the potential of environmental impact labelling as a solution to
incentivise farmers to monitor their impacts and productivity and communicate this
information up supply chains and though to consumers. Unlike prior analyses, which have
focused on how environmental impact labels change consumer behaviour (Potter et al., 2021),
this chapter identified evidence that an impact labelling scheme would change farmer
behaviour, behaviour in supply chains, consumer behaviour, and support better policymaking.
Table 4.2 presented effect sizes throughout the supply chain from lab-based and real-world
evaluations. It would be erroneous to sum them up into a total effect size because: 1) many
effects are overlapping; 2) because the persistence of these effects is not well established; and
3) because policy and adoption will have a major bearing on overall success. However,
combined, they suggest that a well-designed environmental impact labelling could be an
incredibly powerful sustainability and productivity solution for the food sector. This implies

that environmental impact labelling should be prioritised as a solution.

5.2. Critical reflections on the mitigation solutions and future research directions

Here | use the food systems framework from Chapter 1 section 1.3.4 to structure further critical

discussion on the mitigation solutions presented in this thesis (Figure 2.4, Figure 4.3) and

identify future research directions.
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5.2.1. Outcomes: Economic, Social, and Political

Overall, my research created solutions which, if adopted, would reduce agricultural land use,
lead to farmland abandonment, and lead to many farms going out of business. Using case
studies of farmland abandonment, | previously explored why this is a positive outcome for
nature due to evidence that farmland abandonment leads to vegetation re-establishment and the
return of wild animals (Poore, 2017). In Chapter 4 | discussed how other policies could be used
to manage the economic and social effects of this transition for farmers livelihoods. A key
example of this is the Grain for Green programme in China where over 60 billion US dollars
have been invested since 1999 to revegetate 32 million hectares of unproductive farmland, and
also to financially support farmers to find alternative and generally more remunerative jobs
(Delang & Yuan, 2015). However, it is possible to foresee cases in countries (e.g., with
government failures) where farmers would not receive assistance. While it might be argued
that an environmental monitoring and impact labelling scheme would also not be implemented
at-scale in countries with government failures, farmers could still be affected if their products

are high environmental impact which limits their access to export markets.

As a first step towards understanding this, there is a critical need for geospatial modelling of
the environmental, social, and economic costs and gains of environmental impact monitoring
and labelling programmes at the level of individual farms. This modelling would also ideally
explore how geography places mitigation limits on farmers; i.e., some farmers might not be
able to reduce their impacts to sufficiently low levels given their soil or climate. | explored the
role of geography in a preliminary way in fig. S11, and it was clear that geography is a major
driver of environmental impacts. Key questions include: are farms with mitigation limits also
on poor quality land? Because the land quality is poor, are these farms also some of the poorest?
If so, will the social losses of such a transition to a low environmental impact food system be

borne by the poorest if other policies cannot abate this?
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In non-food sectors, environmental monitoring schemes have created jobs themselves. For
example, energy standards and labelling schemes have created around one million jobs in
Europe and 300,000 in the USA (IEA, 2021). Any evaluation of the social impacts of such
schemes should consider their job creation potential in monitoring, compliance, research, and

in low-environmental impact food businesses.

5.2.2. Outcomes: Food Security/Insecurity

Chapter 4 presented evidence that environmental impact labelling could increase agricultural
productivity and reduce environmental impacts. However, there was no exploration of whether
the improvements in environmental impacts would cost more, nor whether these costs are offset
by productivity improvements. The effects on the price of food as a result of an environmental

impact monitoring and labelling needs analysis.

Whether other aspects of food security would be affected also require analysis. For example,
one study found that while the crop varieties of the Green Revolution substantially increased
production, they led to 20-30% reductions in the micronutrient content of wheat (Fan et al.,
2008). If managing foods for environmental impacts changes the locations in which food is
produced (e.g., some countries, but nature of their geography, have high environmental
impacts, and production declines in these locations) this could potentially cause food

distribution issues if transport and logistics are not also adequately addressed.

5.2.3. Outcomes: Human Health/llIness

The mass based functional units used in Chapter 2, and suggested for the environmental impact
labelling scheme in Chapter 4, have been criticised for failing to reflect the micronutrient
contents of different foods and the nutritional benefits of meat in particular (McAuliffe et al.,
2020). On the other hand an analysis took the data from Chapter 2 and compared environmental
impacts expressed per kilogram of mass to human health outcomes, and found products with

low environmental impacts also improved health outcomes, largely driven by the high
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environmental impacts and poor health impacts of meat and dairy (M. A. Clark et al., 2019).

More research is needed to reconcile these differences.

5.2.4. Outcomes: Environmental

A key targeted outcome from the research and solutions in all chapters is improvements in
environmental impacts. However, some environmental issues were not included. In particular,
a major omission from Chapter 2 was the biodiversity impact of different products and
practices, and future research could help create these data and improve methodology. A recent
study has already used the dataset developed in Chapter 2 and applied the LC-Impact method
for calculating the effects of land use on biodiversity, finding that animal product free diets
reduce biodiversity impacts (WWF, 2020). However, there has yet to be any comprehensive
research on the variability of biodiversity impacts across different producers beyond meta-
analyses of specific products in specific regions (e.g., De Beenhouwer et al., 2013). Nor has
there been any analysis around how well these biodiversity measures reconcile to other datasets

like the IUCN Red List.

Further research could also provide an assessment of ecological toxicity of the pesticide use of
specific producers and their products. This requires more data collection and data sharing
around the pesticides used by different farmers, and the data platform and format described in
Chapter 3 could support that. It also requires improvements in pesticide fate and toxicity
modelling, and current research, such as the OLCA-Pest project, is beginning to address this

(Nemecek et al., 2022).

There are major evidence gaps on the environmental impacts of producers and products, and
these gaps may mean the mitigation solutions need adjustment to effectively achieve better
environmental outcomes in different contexts. Geographically these evidence gaps are mainly

in Africa and Central Asia (fig. S2). In terms of products, a recent study used the dataset behind
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Chapter 2 to create a map of these evidence gaps which could guide future research (Halpern

etal., 2019).

Chapters 2 and 4, and the current data behind the HESTIA platform (Chapter 3), use
attributional LCA modelling to quantify the current average impacts of products.
Consequential LCA is generally recommended for scenario analysis because it uses the
marginal impacts of producing an additional unit of a product. Future scenario analysis,
especially when considering complex changes like substitution of palm oil for sunflower oil,

would therefore ideally use consequential LCA.

5.2.5. Outcomes: Non-Human Animals

Chapter 4 discussed how shifts to lower environmental impact meats (e.g., from beef to
chicken) can lead to more animals being slaughtered, and this ethical problem needs close
analysis. Another challenge is that for poultry, more intensive systems may lead to lower
environmental impacts (Leinonen et al., 2014), although it is not clear if this translates to other
types of animals like cows and sheep, and critical analysis of these trade-offs as well as better

data on ruminant systems are needed.

Researchers have proposed methods to create quantitative indicators of animal welfare which
can be integrated into a Life Cycle Assessment framework (Scherer et al., 2018), but there are
substantial value judgements behind such frameworks including how lifespans, sentiency, and
numbers of animals trade off, which need critical examination. In Chapters 2 and 4 | argued
that focusing on a small number of indicators to manage through outcome-based methods (e.g.,
impact labelling) is an optimal approach. Issues that can be effectively managed by standards
should be managed by standards. However, given that standards-based approaches are used
today to manage animal welfare, and that farmed animals are often appallingly treated in food

systems, would using outcome-based indicators to manage animal welfare be better?
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5.2.6. Actors

A recent study took the framework developed in Chapter 2 and tested how to achieve it using
stakeholder interviews with businesses and NGOs, finding that no single group of stakeholders
could achieve it alone, and that sector-wide collaboration was necessary (Grofke et al., 2021).
This need for collaboration presents challenges and opportunities. In the case of the European
Union’s Product Environmental Footprint (PEF) pilots, which sought a collaborative approach,
much of the scheme’s content was watered down by business lobbying. For example, animal
products could not be compared to vegetable proteins by design. However, there is currently
no analysis or evaluation of why the PEF scheme became so diluted, and the above observation
is based on my personal experience. In the case of the solutions presented here, there are both
positive and negative incentives for businesses, and it can be hoped that the environmentally
conscious individuals within businesses are able to exert positive influence. There is some
evidence from organic labelling that consumers have been influential in determining how the
scheme is implemented (Seufert et al., 2017). In the case of environmental impact labelling,
consumers may create demand for indicators on the label such as human toxicity rather than
ecological toxicity, and it is not clear what the implications of such demand would be on the

overall scheme’s success.

For farmers, an environmental impact labelling schemes could also involve upfront costs,
require new or different kinds of inputs, and be knowledge intensive. These could create equity
challenges for farmers in less industrialized countries who are less able to access finance and
where education levels are lower. A social analysis of these issues would support our

understanding of mitigation solutions in food.

5.2.7. Other technical research areas
Being able to automatically provide tailored advice to farmers was a major theme in Chapters

2 and 4. Much information about how to reduce environmental impacts is currently presented
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in academic journal articles. A major research breakthrough could be achieved if the findings
from research studies could be automatically translated from journals and given to the right
farmers at the right time. Another approach is to provide farmers with information about what
other farmers are doing and research on machine learning techniques could identify ways to
automate and tailor this data sharing. In particular, the data platform and filetype in Chapter 3

could support both these objectives.

More work is required to build emissions and resource use models that both: a) account for
geographic conditions; and b) work with data it would be reasonable for farmers to collect.
Simple models like the IPCC Tier 1 models do not generally include geographic information,
whereas it is known that most agricultural emissions vary substantially based on geography
(fig. S11). On the other hand, models like DNDC account for site specific information but
required detailed information to run (Gilhespy et al., 2014) which would be labour intensive to
collect. Models that combine both (a) and (b) will support farmers to improve performance. |

developed one of these models for nitrate leaching (supplementary materials for Chapter 2),

but a recent evaluation of my model against others found that it failed to capture the variation
in leaching between two sites in Sweden (Henryson et al., 2020), implying more work is

required.

Chapter 4 discussed the need for more experimental research on how monitoring and
communicating environmental impacts affects the behaviour of farmers, businesses in the
supply chain, and consumers. The data from Chapter 2 is already supporting such experiments:
for example it has been linked to back-of-pack ingredient data for roughly 50,000 grocery items
on a virtual online supermarket to compare scenarios where consumer have access to
environmental labels versus where they do not (Potter et al., 2020); has been used to explore
consumer responses to environmental information and taxes linked to environmental impacts

(Faccioli et al., 2022); and the World Resources Institute has used it in their Cool Food Pledge
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tool which has been deployed across 38 companies producing 977 million meals per year to
help them change sourcing — so far, these companies have reduced their emissions by 16%
between their base year which was approximately 2017 and 2020 (Waite et al., 2021).
However, as research is undertaken on the effects of generating and communicating
environmental information in supply chains over the coming years, it will be critical to find
ways to isolate and exclude studies that are simply poorly designed. For example, studies which
provide farmers with digital tools developed on small budgets that might be difficult to use,
need to be isolated from studies using well-designed and well-tested tools with a view to

accurately establishing likely real-world effects.

5.3. Conclusion

While we have the resources and technology to solve environmental problems, it seems
unlikely we will solve them without major changes to society, levels of education, and personal
moral outlooks. Today, humans have more choices than ever before and while some of these
seem banal, they can have major environmental consequences with virtually no personal
consequences. For example, a kilogram of beef costs as little as £5 in the UK but beef requires
on average 180 m? of land to produce (Chapter 2) and drives substantial deforestation (Curtis
et al., 2018). A litre of glyphosate active ingredient can cost as little as £20 but have major
negative effects on wildlife. In many cases, there are no social systems in place to help us make
ethical choices, few good reasons provided to people for why they should reflect on their
behaviour, and a general lack of education to enable people to deal with complex information.
The lack of moral systems, moral education, and general education is a major flaw in our
modern society. Relying on scientific, technological, or financial solutions to our problems will
almost certainly be insufficient, and far deeper changes to our society cannot come soon

enough.
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SUPPLEMENTARY MATERIALS FOR:

Chapter 1: Introduction

Contains:

Table S1
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Table S1. Global maps which include an agricultural class with a spatial resolution of at least 10km. Based on reviews by Waldner et al.
(Waldner et al., 2015), Pérez-Hoyos et al. (Pérez-Hoyos et al., 2017), and Grekousis et al. (Grekousis et al., 2015). A review of regional maps,

including CORINE for Europe, and the CDL for the USA, and Africover, are available in Grekousis et al. (Grekousis et al., 2015).

Spatial Classification Change  Overall
Name Resolution Years Sensor legend Classes Detection Accuracy
Recent / regularly updated
GLASS-GLC (H. Liu et al., 2020) 5km ’82-15 MODIS, AVHRR* FROM-GLD 7 Yes 83%
adjusted
C6 MCD12Q1 (Sulla-Menashe & 500m ‘01-18 MODIS IGBP 17 Not 67%
Friedl, 2018) UMD 16 advised -
Plant Functional 12 -
Traits 11 81%
‘LCCS2’ (‘land
use’)"
ESA-CCI LC (European Space 300m ’92-18 MERIS FR, SPOT CCI-LCT 22 Limited 71%
Agency (ESA) Climate Change VGT years
Initiative (CCl), 2017)
CGLS-LC100 (Buchhorn et al., 2020) 100m ‘15 PROBA-V LCCS based" 23/Continuous No 80%
FROM-GLC (Gong et al., 2013; L. Yu 30m ’10,°15, Landsat TM, FROM-GLC™ 28/9 No 53%/70%
etal., 2014) ‘17 ETM+
GlobelLand30 (J. J. J. Chen et al., 30m ’00 ‘10 Landsat TM, Globeland30 10 Unclear 80%
2014) ETM+, HJ-1A/B
Not regularly updated
GIAM (Thenkabail et al., 2009) / 10km ’00 SPOT VGT, GMRCA 9/28 No 79%/92%¢
GMRCA (Biradar et al., 2009) AVHRR
GLC 2000 (Bartholomé & Belward,  1km ‘00 SPOT4 GLC 2000" 22 No 69%
2005) VEGETATION

UMD (M. C. Hansen et al., 2000) 1km ’92/93 AVHRR UMD 16 No 65%
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IGBP DISCover (Loveland et al., 1km ‘92/93 AVHRR IGBP 17 No 67%
2000)
GLCNMO v3 (Kobayashi et al., 2017) 500m ‘03 ‘08 MODIS ST-LCGT 20 Not 78%
‘13 advised
GlobCover (Bontemps et al., 2011) 300m ‘05 <09 MERIS FR GlobCover™ 22 Not 68%
advised
Pittman et al. (Pittman et al., 2010) 250m ~‘05 MODIS Cropland share (%) 1 No -
Meta-maps, harmonising and averaging the maps above
GLC-Share (Latham et al., 2014) 1km ‘14 - SEEA legend " 11 No 80%
Geowiki I1ASA (See et al., 2015) 300m ‘05 - Herold et al. 10 No 88%
(Herold et al.,
2008) 7
Waldner et al. (Waldner et al., 2016)  250m ~’14 - Cropland share (%) 1 No 84-94%
Downscaled regional/national census/survey data using the maps above
HYDE (Goldewijk et al., 2017) / 10km 10,000BC - Crop & pasture 6 Yes -
LUH2 (Hurtt et al., 2011) -‘15 classes 20
Anthromes (Ellis et al., 2020) Anthromes classes
Ramankutty et al. (Ramankutty etal., 10km ‘00 - Cropland/pasture 2 No -
2008) share (%)
IFPRI-IIASA (Fritz et al., 2015) 1km ‘05 - Cropland share (%) 1 No 82%

* Pre-processed AVHRR data by Song et al.52; ™ Consistent with FAO-LCCS legend; ¢ Only validated on the irrigated and rainfed cropland classes

respectively.
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SUPPLEMENTARY MATERIALS FOR:

Chapter 2: Reducing food’s environmental impacts through producers and consumers

Contains:
Materials & Methods
Supplementary Text
Figs. S1to S14
Tables S2 to S17

Captions and hyperlinks for Data S1 to S2

Other Supplementary Materials for this chapter include the following:

Data S1 to S2 as xIs files [Additional reference lists; Data in spreadsheet format].
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Materials and Methods

1) Study Scope
a. Temporal Scope
Studies published online between 2000 and June 2016 were included, providing a window
to reduce climatic variation while avoiding significant error by including outdated practices.
The beginning of this period aligns with the release of standards for methodological
harmonisation (Pryshlakivsky & Searcy, 2013) of Life Cycle Assessment (LCA) [ISO
14040:1997, 1SO 14041:1999, I1SO 14042:2000, and 1SO 14043:2000]. Observations are

approximately centred on the year 2010, and external data used relates to 2009-11.

b. Production Practices
Only commercially viable and currently existing production systems were included,
avoiding assessment of the gap between identification and implementation of new practices

(Smith et al., 2007). Foraged foods and subsistence farming were excluded.

c. System Boundary

The supply chain begins with the extraction of resources needed to produce inputs for
agricultural production, the initial impact of choice by farmers, and ends at the retail store,
the point of choice for consumers (fig. S1). Post-retail stages (cooking and consumer losses)
were not considered owing to high variability and low data availability. Materials and

Methods Section 6 justifies other exclusions.
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CO,, CH,, N,0

€0,,NO,, SO,

€0,,NO,, SO,

NOj, NH;', P N,0, NO,, NH,

CH, N,0,
NO,, NH,

Included

Excluded

Land Use Change

* Above ground C stock change (CO,)
* Below ground C stock change (CO,)
« Forest burning (CH,, N,0)

* Organic soil burning (CO,, CH,, N,0)

* Leaching, runoff and
induced non-CO, emissions

Crop Production

+ Seed & nursery

* Inputs production

* Machinery

* Greenhouse & trellis infrastructure
« Electricity & fuel

« Fertilizer & retained crop residue
(N,0, NH,, NO,, NO;,, NH,#, P, N)

* Urea & lime (CO,)

* Flooded rice (CH,)

* Residue burning (CH,, N,O, NH,, NO,)
« Cultivation of drained organic soils
(CO,, N,0)

« Drying / grading

« Irrigation water consumption

Land use: seed; fallow; arable and
permanent crops

* Soil emissions (CH,)

« Organic fertilizer
application (CH,)

* N fixation emissions

« C sequestration in

crop residue

* Runoff (N)

+ Residue burning indirect
emissions (N,0)

* Human labour

Livestock/Aquaculture

« Pasture management

(same as for food/feed)

+ Feed processing

* Housing energy use

* Enteric fermentation (CH,)

* Manure management (N,O, NO,, NH,, CH,)

* Aquaculture ponds (N, P, N,O, NO,, NH,, CH,)
« Drinking & service water

Land use: permanent pasture; temporary
pasture; aquaculture ponds

* Infrastructure

+ Pasture residue (emissions
or burning)

* Pasture N fixation
emissions

+ Pasture runoff (N)

* Manure management (P)

* Human labour

Processing

* Energy (CO,, NO,, SO,)

+ Wood burning (CH,, N,0, NO,, SO,)
* Wastewater (CH,, N,O, P, N, COD)
* Incineration (CH,, N,O, NO,, SO,)

+ Processing water consumption

* Miscellaneous inputs
* Human labour

* Infrastructure

* Land use

Packaging

* Materials
* Material transport
+ End of life disposal

* Human labour
* Infrastructure
* Land & water use

Retail

« Energy use

* Human labour
* Infrastructure
* Land & water use

Losses Transport
(CO,, NO,, SO,)

L, - Storage and transport T, - Feed

L, - Processing and packaging T,- Food

L, - Wholesale and retail

T, - Processed food

Fig. S1. Emissions and resource uses included or excluded by supply chain stage.
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d. Functional Units Used and Products Included

Co-products with similar nutritional roles, despite differences in value or desirability, were

not differentiated. Nutrient densities were derived from food balance sheets (FAOSTAT,

2021).

Table S2. Functional units (FUs) used.

Mass / Volume FU Nutrition FU  Nutrient
Density

Starch-Rich
Wheat & Rye 1 kg of bread (variable protein wheat) 2695 kcal kg
Maize 1 kg of meal (for polenta) 4165 keal kg *
Oats 1 kg of rolled oats 1000 kcal 2605 kcal kg
Rice 1 kg of full grain white or brown rice energy 3685 keal kg
Potatoes 1 kg of soil free tuber 730 keal kg
Cassava 1 kg of soil free tuber 975 keal kg™
Protein-Rich
Peas 1 kg of dry pea without pod 215gkg*
Other Pulses 1 kg of dry pulse without pod 220 gkg*
Nuts 1 kg of shell free, dry nut 160 gkg*
Groundnuts 1 kg of shell free, roasted nut 260 gkg*
Soybeans 1 kg of tofu (~16% protein) 160 gkg*
Cheese 1 kg of cheese 225gkg*
Eggs 1 kg of eggs . 110gkg*
Poultry Meat 100 g protein 175 gkg*
Pig Meat 1 kg of fat and bone-free meat and edible 160 gkg*
Lamb & Mutton  offal 200 gkg*
Beef 200 gkg*
Fish 1 kg of edible fish 230gkg*
Crustaceans 1 kg of head-free meat (shell-free for 150 gkg*

large shrimp)
Alcoholic Beverages
Barley 1 litre of beer 1 unit (20ml 5 units
Wine grapes 1 litre of wine alcohol) 12.5 units
Other
Milk 1 litre of pasteurised milk (4% fat, 3.3%

protein) i
Soybeans 1 litre of soymilk (~3.3% protein) - -

Root Vegetables

1 kg of soil free tuber

Fruit & Veg. 1 kg of fresh fruit or vegetable - -
Cocoa 1 kg of dark chocolate - -
Coffee 1 kg of ground, roasted beans - -
Oil crops 1 litre of refined/filtered oil - -

Sugar crops

1 kg of raw/refined sugar
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e. Allocation
Economic allocation between co-products reflects the rationale for which producers create
environmental burdens (Ponsioen & van der Werf, 2017) and is used here. The method is

also practical and widely used.

f. Characterisation

Table S3. Indicators and characterisations used.

Indicator Characterisation Emissions / Uses Characterised
Land Use * None Seed, on- and off-farm arable and
Occupation Time permanent crops, fallow land,
temporary pasture, permanent
pasture
Greenhouse Gas IPCC (IPCC, 2013) AR5  CO3, CHa, N20O to air
Emissions 100-year factors with
climate-carbon feedbacks
Acidification CML2 Baseline (CML, SOz, NHs, NOx to air
2001)
Eutrophication CML2 Baseline (CML, NHs3, NOy to air, NOs~, NHs", P, N
2001) to water
Freshwater None Irrigation, drinking, pond, and
Withdrawals processing water
Scarcity-Weighted =~ AWARE (Boulay et al., Irrigation, drinking, pond, and
Freshwater 2018) processing water
Withdrawals

For greenhouse gas (GHG) emissions, IPCC (IPCC, 2007b) AR4 characterisation factors
(CFs) included climate-carbon feedbacks in CO2 only, but inconsistently not in other GHGs
(IPCC, 2013). The AR5 factors with feedbacks are both more complete (by including the
direct and indirect impacts of GHGs) and consistent, and were used here despite higher
uncertainty in feedback magnitude. Results under AR4 CFs are presented for comparability
(Data S2). 100-year CFs were used, the most common indicator of the impact of mixed

gases on the mid- to long-term climate.
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2) Meta-Analysis Approach

a. Study Inclusion Criteria

Based on the above, the following criteria were used to identify studies that:

1.

10.

11.

Are included in peer-reviewed journals, or are PhD theses, ISO compliant reports, LCA
databases, or conference proceedings with clear data and methods

Are published in print or online between 2000 and June 2016

Report results not presented in another included study

Assess commercially farmed products

For crops, report real, not simulated yield and inventory data, from specific farms,
regions, or countries

Use LCA or similar methodology

Calculate according to our system boundary or provide sufficient inventory data to
recalculate

Calculate according to our functional units, or make recalculation possible

Use attributional modelling and economic allocation, or make recalculation possible
Calculate GHG emissions, characterised under IPCC AR5 100-year factors with
climate-carbon feedbacks, or make recharacterisation possible

Calculate on- and off-farm land use, or make calculation possible.

b. Aggregating Results

Results were included as a separate observation (line of the database) when they:

1.

2.

Represented different systems or practices, e.g., input level, rotation, cultivar

Represented significantly different geographies, e.g., regions or countries.

Otherwise, results were averaged into a single observation with standard deviations

calculated across farms. Results were averaged across years to ensure independence of

observations.



Reducing agriculture’s environmental impacts through diverse producers 129

c. Literature Search

A comprehensive approach was used by: searching for publications using the terms “life
cycle assessment” OR “life cycle analysis” OR “GHG emissions” AND the relevant product
name, in Google Scholar; following references within publications and citations to
publications; identifying LCA conference proceedings; and identifying online LCA
datasets. This resulted in 1530 studies for potential inclusion. Where data were unavailable
in the publication, 346 authors were contacted directly. Of these studies, 570, supplemented
with additional data provided by 139 authors, met our criteria. This resulted in 2278 unique
observations, covering ~38,700 regional or farm level inventories in 119 countries (fig. S2).
Observations are concentrated in Europe, North America, Oceania, Brazil, and China, but
limited in Africa and Central Asia, demonstrating the need for study weights that allow one

geography to represent another (Materials and Methods, Section 8).

Sub-National Studies - Study Location: «
National Studies - Observations per Country:

[1o[]1-27]3-10F]11-20 8 21-40 | 41-80 M 81-120

Fig. S2. Map of study locations for all products. Black circles represent locations of
subnational studies (n observations = 1160); country shading represents the number of

national-level studies per country (n observations = 1118).
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3) Building and Standardizing the Inputs and Management Inventory
Inventory data were recorded to allow recalculation of missing emission sources. Some

inventory items, if missing, could reasonably be estimated from external sources.

a. Data Derived from Study Locations
Studies with co-ordinates were point-sampled. Regional studies were linked to GADM
regions (Hijmans et al., 2018), and the mean was taken within that area. For eco-climate

zones (discrete), the mode was taken.

Table S4. Sources of spatial data.

Inventory Item Source
Soil Characteristics
pH H20 HWSD (FAO/IIASA/ISRIC/ISSCAS/IRC, 2012)

Clay Content (% weight, 0-30cm) HWSD (FAO/IIASA/ISRIC/ISSCAS/JRC, 2012)
Sand Content (% weight, 0-30cm) HWSD (FAO/IIASA/ISRIC/ISSCAS/IRC, 2012)
Organic Carbon (% weight, 0-30cm) HWSD (FAO/IIASA/ISRIC/ISSCAS/JRC, 2012)
Total Nitrogen (kg N t1, 0-50cm) ISRIC/WDC-Soils (Batjes, 2015)

Phosphorus (kg P t %, 0-50cm) Scherer and Pfister (Scherer & Pfister, 2015)

Drainage (6 classes) HWSD (FAO/1IASA/ISRIC/ISSCAS/IRC, 2012)

Erodibility (t h MJ™* mm™) Scherer and Pfister (Scherer & Pfister, 2015)

Geography

Slope Length (dimensionless) GMTED (Danielson & Gesch, 2008; Scherer &
Pfister, 2015)

Slope (%) GMTED (Danielson & Gesch, 2008; Scherer &
Pfister, 2015)

Phosphorus reaching aquatic Scherer and Pfister (Scherer & Pfister, 2015)

environment (%)

Climate

Precipitation (mm year?) WorldClim (Hijmans et al., 2005)

Winter-type Precipitation WorldClim (Hijmans et al., 2005)

Correction

Average Temperature (°C) WorldClim (Hijmans et al., 2005)

Potential Evapotranspiration (mm)  Zomer et al. (Zomer et al., 2006)

Eco-Climate Zones (12 classes) Hiederer et al. (Hiederer et al., 2010)

Other

Irrigated Water Applied (m® ha™) Pfister and Bayer (Pfister et al., 2011)

CFaware (water scarcity for each Boulay et al. (Boulay et al., 2018)

basin, relative to global water
scarcity) (m3woria M)
Cropping Intensity MIRCA2000 (Portmann et al., 2010)
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i. lrrigation Water Applied

Evapotranspiration from irrigation was drawn from a basin-level dataset of 160 crops
(Pfister et al., 2011). For flooded rice, data including flood water evaporation were used
(Chapagain & Hoekstra, 2011). To convert from evapotranspiration to field applied
water, application efficiency factors (Nemecek, Bengoa, et al., 2015), weighted by

country shares of irrigation system (FAO, 2017), were applied.

ii. Agquaculture Water Requirements
Evaporation from aquaculture ponds was estimated from potential evapotranspiration
(PET) (Zomer et al., 2006) and factors converting PET to open water evaporation (Allen

etal., 1998).

iii. Multiple Cropping and Fallow
Land use was calculated from inverse yield and occupation time. Occupation time is
reduced by multiple cropping but increased by fallow requirements. Many studies did

not provide crop timetables, and derivation was required.

From MIRCA2000 (Portmann et al., 2010), minimum crop fallow requirements were
calculated as cropland extent (CEwmirca) Over maximum monthly growing area
(MMGA) (Stefan Siebert et al., 2010). MMGA is the maximum area required for the
crop rotation in that location. CEmirca is the area used for arable crops including fallow
(Ramankutty et al., 2008). Fallow land was treated as insignificant for greenhouse
crops, vineyards, and bananas. Given the large variation in orchard lifecycles, fallow
requirements were set based on commercial lifespans using literature data. Longer

fallow requirements for some practices (e.g., organic) were not considered.
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Multiple cropping was calculated from the ratio of MMGA to area harvested (AH)
(Stefan Siebert et al., 2010). AH is counted each time a crop is harvested in a year (e.g.,
for double cropping, MMGA/AH = 2). Land use, calculated from vyield, can be
multiplied by each of these ratios in turn, to reconcile to global cropland extent from

FAOSTAT (Materials and Methods, Section 6a).

b. Data Derived from External Datasets

Table S5. External datasets used.

Inventory Item Source / Methodology
Seed (kg ha™®) Food Balance Sheets (FAOSTAT, 2021)
Nursery Land Use (m?-year m?-year™) Literature sources

Nutrient Composition of Org. Fert. (kg ha?) Webb et al. (Webb et al., 2012);
Sintermann et al. (Sintermann et al.,
2012); AGRIBALYSE (Colomb et al.,

2014)
Nutrient Content of Excreta (kg ha™) ASAE (ASAE, 2005); EEA (EEA, 2013)
Synthetic Fertilizer Composition (%) FeedPrint (Vellinga et al., 2013)
Fuel & Machinery Use (kg ha™) AGRIBALYSE (Colomb et al., 2014)
Energy for Irrigation (kwh ha™) WFLDB (Nemecek, Bengoa, et al., 2015)
Dry Matter (%) & Crop Composition Feedipedia (Feedipedia et al., 2015); other
sources

Share of Residue Removed and Burnt (%) GNOC (Koble, 2014); other sources

Residue Remaining (kg DM ha!; kg N ha) IPCC (IPCC, 2006); other sources

Infrastructure (kg hayear™) Kowata et al. (Kowata et al., 2008)
Water Use by Feed Crops (L kg ™) Pfister et al. (Pfister etal., 2011)

Animal Drinking & Service Water (L kg LW~ Mekonnen and Hoekstra (Mekonnen &
h Hoekstra, 2010)

i. Nutrient Composition Content of Organic Fertilizer

The nitrogen (N), phosphorus (P), and total ammoniacal nitrogen (TAN) content of
manure at the point of application, not excretion, was used here, given differing mineral
loss rates in housing and storage. No data were collected on the storage method prior to

application, and a range was drawn from literature sources to reflect this variation.
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For solid manure the meta-analysis of Webb et al. (Webb et al., 2012) was used, which
included 266 observations by animal. For liquid manure, data from Sintermann et al.
(Sintermann et al., 2012) were used which included 345 observations by animal,
supplemented with data from AGRIBALYSE (Colomb et al., 2014). For compost, TAN
was taken from AGRIBALYSE. Green manure was taken to have no NHz emissions,

and TAN was set to 0.

ii. Fuel and Machinery Use

Most studies did not account for the impact of machinery production and delivery to
farm. From 139 processes in AGRIBALYSE, the ratio of machinery depreciated per
unit of fuel consumed (kg machinery kg diesel™) was established. Recognizing that
farms in less developed countries have poorer access to capital and maintain farm
machinery for longer, the machinery-to-diesel ratio was doubled in countries with a

Human Development Index (UNDP et al., 2014) less than 0.8.

c. Allocation and Conversion Factors

For allocation between beef and milk, and lamb and wool, economic allocation factors were
recalculated where required, using national price data and the yield of each product. For
grain and straw, roots and feed grade roots, and nut kernels and hulls, global allocation

factors were taken from literature sources.
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4) Standardizing the Impact / Resource Use Indicators
For studies consistent with our system boundary, impact and resource use indicators were

recorded directly.

Where the system boundary was consistent, but indicators were provided under a different
characterisation, direct conversion was possible if major emissions were reported for each gas

or liquid separately.

Where different characterisations were used, and gas and liquid emissions were not reported

separately, recalculation was still possible in some cases:

- GHG emissions: Most studies included use AR4 characterisation factors (CFs). Only
separately reported CH4 emissions are required for recalculation under AR5 CFs with
climate-carbon feedbacks, given the same CF is used for N20O.

- Acidification: NHsz is the dominant acidifying emission in agriculture, and the
characterisation was converted based on the ratio between the CML2 baseline CF and the
studies CF for this gas. SO. was used as the dominant gas for post-farm processes.

- Eutrophication: EDIP2003 (Hauschild & Potting, 2005) and ReCiPe (Goedkoop et al.,
2009) split emissions into P and N equivalents. P emissions were directly recharacterised
under CML2 Baseline. For N emissions, we weighted CFs by global agricultural N

emissions (EC-JRC/PBL, 2013) by type to derive a conversion factor.
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5) Standardizing the Functional Unit
i. Arable and Permanent Crops
For grains, oilseeds, pulses, and soybeans, where studies presented results in fresh
weight, mass change from drying was included by using dry matter shares at harvest
and storage (Feedipedia et al., 2015). For nuts, standard kernel weights (FAOSTAT,

2021) were used for conversions.

Ii. Meat, Fish, and Crustaceans
Weight definitions for meat and fish vary by animal and country. The following

definitions were standardised to as much as possible:

- Liveweight (LW): weight of the living animal leaving the farm.
Meat:

- Hot standard carcass weight (HSCW): weight at slaughter, after removal of hides,
head, feet, tail, and inedible offal. For poultry, also after removal of feathers. For
pigs, also after removal of skin. Includes bones.

- Retail weight (RW): weight after removal of bones and excess fat.

- Edible offal (EO): non-muscle parts considered edible, variable by country.

- Filleted weight: weight after removal of head, fins, skin, bones, and organs.

- Edible weight: weight excluding large bones and inedible organs.

Data were collected from literature sources. A carcass weight adjustment of -2% was

made for dairy breeds. For fish, data by species were used (FAO, 1989).
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Table S6. Meat processing conversions used.

HSCW / LW RW+EO / HSCW By Product Value
Product Avg. SD n Avg. SD n Avg. SD n
Beef 52% 3% 101 72% 2% 4 7% 5% 13
Mutton 47% 3% 27  T71% 1% 2 7% 5% 7
Pork 75% 3% 12  68% 2% 3 5% 3% 8
Poultry 2% 2% 2 72% 4% 2 2% 2% 5

ii. Milk, Soymilk, and Tofu
Animal milk purchase prices are largely determined on fat and protein content. During
processing, milk is standardised by removing and adding back solids to form grades of
milk. The relevant functional unit for milk is therefore one that controls for fat and
protein, and here milk was standardised to 4% fat and 3.3% protein (IDF, 2010) for all

ruminants (Opio et al., 2013).

For soy products, protein is lost during processing as by-products or waste. Data were
collected on the protein conversion from beans to soymilk or tofu, and then standardised
to 3.3% and 16% protein respectively. This ensures nutritional unit results are robust to

changes in processed-product protein content.
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6) Filling Gaps in the System Boundary or Recalculating Indicators

Land use was split into five types (table S2). Farm-stage GHG emissions were split into 20
sources, gaps filled, and the total recalculated. For land use, acidification, and eutrophication,
the entire indicator was recalculated from the inventory if calculated inconsistently with our
system boundary (except aquaculture, where NOx and NH3 emissions were added to existing

values otherwise consistent with our system boundary).

a. Land Use

I. Temporary and Permanent Crops

10,000 Seed +Yield Crop Duration Rotation Duration
Yield Yield 365 Cultivated Duration

Land Use =

where Land Use is the area occupied to produce 1 kg of product, in m2-year, Yield and
Seed are in kg ha™ and are on the same marketable weight basis (e.g., 15% moisture

post field losses), and the Duration terms are in days.

For temporary crops, yields for all studies included here, and in most statistical datasets
(FAOSTAT, 2021), represent output per harvest, not output per year. Where multiple
cropping occurs, a time-based allocation was used to apportion land use between crops
in the rotation, as Crop Dur/365 where Crop Dur < 365 represents the time from
crop preparation to the beginning of preparation for the next crop (Nemecek, Hayer, et
al., 2015). For permanent crops, excluding orchard crops, yield represents life-cycle
yield from establishment to eradication, and Crop Dur was set to 365. No allocation

was used for intercropping.

Rotation Duration is the duration of the whole rotation including marketed crops and
fallow, and Cultivated Duration is the period cultivated with marketed crops. The

difference between these terms is the fallow period. Including fallow allows for a
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reconciliation to the FAOSTAT (FAOSTAT, 2021) term “Arable land and permanent

crops”.

ii. Orchard Crops

10,000 Cultivated Duration Rotation Duration

Land Use = ' '
anatise Yield Bearing Duration ursery Cultivated Duration

where Yield represents the period when the orchard is bearing marketed fruit
(Bearing Duration), consistent with FAOSTAT (Statistics et al., 2011).
Cultivated Duration represents the period from orchard establishment to removal.
The difference between Bearing Duration and Cultivated Duration is the non-
bearing period after establishment, typically 1-4 years. The fallow period after orchard

removal and before replanting is Rotation Duration/Cultivated Duration.

For orchard crops seed is not significant, but the nursery period is. The additional area

required for the nursery stage per kilogram of product was calculated as:

Nursery Duration/365  Orchard Density

N =1 '
ursery + Sapling Yield Cultivated Duration

where Nursery Duration is the time from planting seedlings to the sale of marketable
trees (in days); Sapling Yield is the number of marketable saplings produced per
hectare per year; and Orchard Density is the number of trees required for 1 ha of

mature orchard.

ii. Animal Products
For animal products, land used for feed was further disaggregated into the five feed
crops that used most land. For each feed, the crop, geographic origin, and land use share
were recorded. Fallow land and seed requirements were then recalculated for each crop-

geography. Where feed originated from the farm, and temporary pasture was recorded
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on that farm, on-farm fallow was taken to be used as temporary pasture, and fallow was

set to 0.

b. Freshwater Withdrawals and Scarcity-Weighted Freshwater Withdrawals

Freshwater withdrawals were calculated directly from inventory items: irrigation
withdrawals; irrigation withdrawals embedded in feed; drinking water for livestock; water
for aquaculture ponds; and processing water. For irrigation withdrawals embedded in feed,

we recorded the feed crop type and its country of origin.

To calculate scarcity-weighted freshwater withdrawals, we assumed that all irrigation water
IS evapo-transpired or embedded in the product, and none is returned to the watershed
through percolation. This is sometimes true and sometimes an overestimation, depending
on the need of the crop and the irrigation technique, but good data are lacking here, and we
leave assessment of freshwater returns to further research. We therefore directly multiplied
freshwater withdrawals by the spatially explicit AWARE (Boulay et al., 2018)
characterisation factors by basin and/or country. We differentiated the location of each feed

crop and the location of post-farm water use.

c. Production and Transport of Farm Inputs

Inputs required on-farm were grouped as: seed and nursery; fertilizers, pesticides, and lime;
fuel and machinery; infrastructure; and electricity. For seed and nursery, emissions were
calculated based on a closed-loop as for land use. For the remaining inputs, two consistent
sources, ecoinvent (Weidema et al., 2013) and AGRIBALYSE (Colomb et al., 2014), were

used to derive global average emissions and standard deviations.
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d. On-Farm Emissions

Table S7. On-farm emissions and methodology to fill gaps.

Source Emission Methodology
Fuel use CO,, SOz, and ecoinvent (Weidema et al.,
NOx to air 2013)
Fertilizer application on mineral soils N0 to air Stehfest and  Bouwman
and excretion on pasture (Stehfest & Bouwman, 2006);
IPCC (IPCC, 2006) Tier 1
Crop residues left on field N2O to air IPCC (IPCC, 2006) Tier 1
Flooded rice cultivation CHjy to air Recalculation not required
Urea application CO, to air IPCC (IPCC, 2006) Tier 1
Lime application CO; to air IPCC (IPCC, 2006) Tier 1
Synthetic fertilizer application NH3 to air EEA (EEA, 2013) Tier 2
Organic fertilizer application NH3 to air Webb et al. (Webb et al.,
2012); Sintermann et al.
(Sintermann et al., 2012)
Excretion on pasture NH3 to air EEA (EEA, 2013) Tier 2
Crop residues left on field NHjs to air de Ruijter et al. (Ruijter et al.,
2010)
Fertilizer application, excretion on NOx to air Stehfest and  Bouwman
pasture and crop residues left on field (Stehfest & Bouwman, 2006)
Fertilizer  application and site NOs™ and N to Meta-analysis; Scherer and
conditions water Pfister (Scherer & Pfister,

2015)

Crop residues left on field

NOs3™ to water

IPCC (IPCC, 2006) Tier 1

Fertilizer  application and site

conditions

P to water

Scherer and Pfister (Scherer &
Pfister, 2015)

Fertilizer and crop residue leaching,
runoff, and volatilisation

N2O indirect to
air

IPCC (IPCC, 2006)

Crop residue burning

CHa4, N20, NHj3,
and NOx to air

Akagi et al. (Akagi et al.,
2011); IPCC (IPCC, 2006)
Tier 1

Cultivated organic soils

N-O and CO- to
air

IPCC (Tubiello et al., 2016)
Tier 1 country-level data

Enteric fermentation

CHgs to air

IPCC (IPCC, 2006) Tier 2;
WFLDB (Nemecek, Bengoa,
et al., 2015)

Aquaculture

N-2O, NHs to air

Literature sources

Aquaculture

N and P to water

Recalculation not required

Aquaculture

CHg to air

Model; Literature review

Manure management

N20O, NOy, NHs,
and CHg to air

EEA (EEA, 2013) Tier 2;
IPCC (IPCC, 2006) Tier 2
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i. Direct N20 and NOx emissions to air from fertilizer applied on mineral soils,
excretion on pasture (and crop residues left on field)

Fertilizer-induced direct N2O and NOy emissions on mineral soils were calculated using

a global model (Stehfest & Bouwman, 2006), derived from a meta-analysis of 1008 and

189 field observations respectively (Smeets et al., 2009) as:

n

n
N,0 — N = exp(c + 0.0038 - (Fsy + Fon + Fprp) + Z E)) — exp(c + z E)

i=1 i=1
0 < N,O — N/(Fey + Fop + Fppp) < 7.2%
NO, — N = exp(c + 0.0061 - (Fsy + Fon + Fprp + Fcg) + X1 E;) — exp(c +
i=1 Ev)

0 < NO, — N/(Fsy + Fon + Fpgp) < 2.5%

where c is the regression constant; Fgy, Foy, and Fpgp are synthetic fertilizer, organic
fertilizer, and excreta respectively in kg N ha™; and E; denotes the effect values of the
remaining i significant effects from Stehfest and Bouwman (Stehfest & Bouwman,
2006). This specification isolates the fertilizer-induced effect. Here, the function is
constrained to the 95th-percentile induced effect from the original study dataset. For

NOxy, crop residues (F-g) were included in this function, given the lack of other models.

The N20 model relies on geographically specific inputs, and for country-level studies,
IPCC (IPCC, 2006) Tier 1 emissions factors were used. For NOx experimentally-
grounded Tier 1 factors are not available. Here, we implemented the NOyx model at a
global level, using spatial data specified in table S4. We then averaged within countries
to derive country average emission factors. This avoids problems with nonlinearity of

the exponential function.
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Emissions for synthetic fertilizer, organic fertilizer, and excreta were then allocated by
share of N applied. Crops grown in substrates lacking nitrifying and denitrifying

bacteria (e.g., rock wool) were taken to have no emissions.

ii. Direct N2O emissions to air from crop residues left on field
Experimental results are uncertain, suggesting both no significant net N.O emission
(Shan & Yan, 2013) and significant net N2O emissions determined by multiple factors

(Bureau et al., 2013). Given this, IPCC (IPCC, 2006) Tier 1 values were used.

iii. NHs emissions to air from organic fertilizer application
For solid manure, the same dataset as for TAN content was used (Webb et al., 2012).
This provided 215 observations, covering different animals, practices, and
measurement/ experimental techniques, which were aggregated into a single EF with

standard deviation of 0.56+0.34 kg NH3-N kg TAN,

For liquid manure, the same dataset as for TAN slurry content was used (Sintermann et
al., 2012), but based on the discussion in that study about significant changes in practice
after the year 2000, we excluded studies before that date. This provided 109
observations, with no significant difference between animal type or land use, and gave

an EF of 0.25+0.16 kg NH3-N kg TAN2.

iv. NHz emissions to air from crop residues left on field
NHs emissions from residue vary by crop and management practice (Ruijter et al.,

2010). Research in this area is scarce, and here a linear model of N in above-ground
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crop residues (N4¢) in kg and total above-ground residue dry matter (AGp,,) in kg
(Ruijter et al., 2010) was used:

NH3 _— N:a " NAG , A= (038 -NAG . 1000/AGDM _— 544) /100 y O S a < 17%

where 0% and 17% are the bounds of observations in the study. The model therefore
predicts no volatilisation when the N content is less than 14.3g N kg DM (e.g., cereal

straw).

v. N leaching, erosion, and runoff from fertilizer application, excretion, and crop
residues left on field

The IPCC (IPCC, 2006) Tier 1 approach can be decomposed into FRACLeacH (N lost

below the root zone to nearby or distant rivers and streams), FRACerosion (loss of

surface N contained in eroded soil), and FRACrunorr (loss of residual surface N in

runoff water).

After an extensive search, no reliable N leaching models were identified that would
work with typical LCA inventory data, and we developed a model to estimate this. For
leaching, background losses are non-negligible given leaching of mineralised soil
organic N and atmospherically deposited N among other sources. The interest here is
only in assessing the observed anthropogenic N2O source (Nevison, 2000) in relation
to the observed atmospheric N.O increase, as well as anthropogenically induced
eutrophication. Therefore, induced leaching has to be isolated from background
leaching. This can be estimated from experimental leaching studies that measure
leaching L of mineral N (kg NOs-N or NH4-N ha™*) under two or more fertilizer levels

F; > F, (kg N ha™®) for the same crop, site, and year, assuming linearity, as:
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Ly — Lo

FRAC =
LEACH = F |

To control data quality, above-ground biomass uptake U (kg N hat) was also recorded,

and results were treated as erroneous where (L; — Ly) + (U; — Uy) > (F; — Fp).

To ascertain these data, a literature review was conducted. The search terms “nitrate
leaching” AND “uptake” AND “experiment” were used in Google Scholar, and any
studies cited in or citing these studies were also selected, until 1000 studies were
identified. Experiments using lysimeters, suction cups with water balances, or tile
drains were included. From these studies, 91 included treatments with multiple fertilizer
levels and provided leaching in kg N ha™*. This yielded 417 observation pairs, of which
53 were excluded based on the uptake criterion or other factors that made fertilizer

treatments incomparable.

Site-specific conditions are major determinants in N leaching (van Drecht et al., 2003).
In very low-permeability soils, in areas with low water input, or under deep-rooted
crops, leaching will be low (Burns, 1975). Equally, under highly permeable soils, in
areas with high water input, or under shallow-rooted crops, leaching will be high.
FRAC_eacH Was therefore estimated for different rooting depths, soil textures (sand and
clay fraction), water input (only precipitation was used here, which is more subject to
leaching given higher variability), and water table height (flooded or non-flooded
crops). Cut-off levels for each factor were based on visual inspection of the data and
sample size. Four groups were then created (Kruskal-Wallis test, p < 0.001; Dunn’s

post hoc tests, p < 0.05).
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Table S8. Fraction of fertilizer leached as mineral nitrogen.

FRACLeacH (kg NOs-N kg Nt unless stated)

Avg. SD Obs.  Avg. SD Obs.
Pairs Pairs

Low Leaching Conditions, at least one of:

Max. Root Depth > 1.3m 6.5% 5.2% 23

Clay > 50% 78% 5.8% 11 6.7% 5.1% 45
Precipitation < 500mm 58% 4.5% 11

High Leaching Conditions, at least one of:

Max. Root Depth <0.5m  28.0% 13.0% 8

Sand > 85% 21.6% 15.7% 26 23% 14% 42
Precipitation > 1300mm 26.8% 13.6% 10

Other Conditions (or both high and low leaching conditions):

All Other Conditions 12% 10% 252
Flooded Rice

Flooded Rice (NO3-N) 28% 3.4% 25
Flooded Rice (NH4-N) 1.3% 1.3% 22

3.5% 3.1% 22

Given the small number of LCA studies where recalculation of leaching on pasture was
required, a value of 7+£2% was used, based on the average value for pasture-dominant

New Zealand (Thomas et al., 2005).

Surface runoff requires simultaneously occurring factors: water input greater than
evapotranspiration and infiltration, causing surface accumulation; slope or ditches so
water runs-off rather than puddles; field outlets; and residual N on the surface at the
time of runoff. Additional information on the quantity of N that reaches rivers or
streams, as opposed to neighbouring terrestrial areas, is also required. These data
requirements make runoff difficult to model with available LCA inventory data.
Further, most global studies do not model this flow (J. Liu et al., 2010; van Drecht et
al., 2003). The data requirements, and more limited set of conditions that this flow

occurs in, make it reasonable not to consider it here.
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FRACEerosion Was estimated following Scherer and Pfister (Scherer & Pfister, 2015),
replacing  soil P with soil N  derived from the HWSD
(FAO/IIASA/ISRIC/ISSCAS/IRC, 2012). FRACkrosion is a total N flow and is only

included in eutrophication calculations.

vi. Indirect N2O emissions to air from fertilizer and crop residues left on field, from
leaching, runoff, and volatilisation

Indirect N2O emissions were then calculated as (IPCC, 2006):

N,0 —N =0.01+ (NH; — N + NO, — N) + 0.0075 - NO; — N

For some studies that did not provide sufficient information to calculate NH3z or NOx,

the default fraction volatilised from IPCC (IPCC, 2006) was used.

vii. P loss to water from fertilizer application and site conditions
The model of Scherer and Pfister (Scherer & Pfister, 2015) estimates P loss to water
from four mechanisms: soil erosion, runoff, drainage, and leaching. Their original
specification was modified by setting maximum field slope to 5% for flooded rice,

where terracing or other mechanisms are used to prevent water 10ss.

viii. N20 and NHs emissions to air from aquaculture
The difference between N inputs as feed and fertilizer (N;,) and N outputs in liveweight
(Noyr) is subject to gaseous losses during the aqueous phase. N consumed but not
assimilated is excreted by aquatic animals with approximately 80% TAN (Papatryphon
et al., 2005). To allow for feed not consumed, excreted TAN was estimated as the

minimum of (N;y — Noyr) - 0.8, 0r 3.31 - Nyyr - 0.8, where the coefficient in the latter
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is based on 23% of feed N converted to fish biomass N (IPCC, 2014). Emissions of
N-O are likely higher from the TAN component of excreta, and an emissions factor of
1.8+0.7% N20-N kg TAN! was used (IPCC, 2014). N2O emissions from unconsumed
feed and solid excreta are likely lower, and an emissions factor of 0.5£6.2% N>O-N kg
N was used (IPCC, 2006). N, and NOx emissions were calculated from nitrification/
denitrification ratios proposed by Dammgen (Ddmmgen, 2009). NH3-N volatilised was
estimated from data on freshwater ponds as 0.3- TAN (Gross et al., 2000), constrained
to a maximum of 50 mg m~ day* in systems where the surface area for diffusion is
limited (Schroeder, 1987). Emissions from pond drainage and refilling (EEA, 2013)

were not considered.

ix. CH4 emissions to air from aquaculture
Organic carbon (OC) in excreta, unconsumed feed, fertilizer, and net primary
production (NPP) can mineralise to CH4 when they accumulate in anoxic sediments
with low sulphate and nitrate levels. These conditions allow methanogenesis to become
a significant source of mineralization, as sulphate reduction, nitrification and aerobic
mineralization become less dominant pathways (Biology & Fry, 1987). Here, we
develop an initial model for these emissions that are included in few LCAs or climate

models.

To estimate OC sedimentation, a carbon balance was used. OC input from feed and
fertilizer (C;y) was estimated from feed energy contents, more widely reported than
carbon contents as 21 g C MJ based on typical feeds. OC input from NPP was
estimated based on temperature (Lewis Jr, 2011; Schroeder, 1978). The dominant OC
outputs are respiration by fish (Crgsp ), carbon removed in fish biomass at harvest

(Crisy), and mineralization in the dissolved OC pool. We assumed the ratio of fish
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biomass to respiration to excretion was 40:40:20 (Wang et al., 2013), which we
calculated from liveweight (LW) and expressed in kg C kg LW, Taking aqueous OC

outflow to be 0, OC available for sedimentation Cg was calculated as:

CS = maX(CIN + CNPP ' Cy(:le Tlme/StOCklng DenSlty - CFISH - CRESP ) CEXCR) -S

where C;y and Cs are in kg C kg liveweight™ (LW) produced, Cypp is in kg C m=2 day~
! Cycle Time isin days and Stocking Density isinkg LW m2cycle . S is a constant
reflecting the share of the carbon pool deposited as sediment, influenced by a large
range of factors. We set S within the range of literature sources as 35+5% for freshwater
(Kuivilal et al., 1988; Millero et al., 1980; Schroeder, 1987) and 55+10% for marine

(Alongi et al., 2009; Hall, 1990).
CH4-C emissions were then calculated as:

CH4_C=min(Cs'M'MCH4'R,

CH, — Cypax - Cycle Time/Stocking Density)

where M is total mineralization of sedimented OC, My, is the share mineralized as

CHs-C, and R is the share of CH4 not oxidised at the sediment/water interface or in the
water column, and instead released by diffusion or ebullition into the atmosphere.
CHy — Cpqy 1S the maximum observed methane flux (0.5 g CH4-C m™ day™?) from a
meta-analysis of 474 methane emission estimates from freshwater bodies (Bastviken et
al., 2011). R varies by depth, and here we set it to 61+22% for shallow systems (<2m)
(Bastviken et al., 2008; Detweiler et al., 2014) and 22+20% (>2m) (Bastviken et al.,

2008).
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Experimental data (Bastviken et al., 2008) shows that temperature limits M, . Here,
we estimate Mcy, by using our previous formula for CH, — C, substituting in known
values of the variables from global data. Cs was calculated by latitude using NPP data
for lakes. M was set to 100% as a long-term value without sediment removal. R was set
to the average of shallow and deep water (41.5%). Resultant CH, — C values were taken
from the methane flux meta-analysis (Bastviken etal., 2011). My, was then calculated.

In marine environments, higher sulphate concentrations favour sulphate reduction and

My, was determined from literature sources (Alongi et al., 2009; Hall, 1990).

Table S9. Share of mineralized carbon mineralized as methane.

% Mineralized C as
CH4'C (MCH4)

Freshwater: fast flowing 0%
Freshwater: slow flowing (<23.5°C surface temperature) 20+£20%
Freshwater: slow flowing (>23.5°C surface temperature) 45+20%
Marine: flow-through 0%
Marine: sea cages/ponds 4+4%

Because in aquaculture, sediment is often removed and mineralization rates differ with
temperature, we calibrated mineralization (M) based on observed sediment C:N ratios.
To do this we used observations in our meta-analysis where sufficient data were
available to calculate Cs, and where we had observations for sediment N. We found M
values of 60% and 30% for warm (average annual temperature >23.5°C) and cool
climates respectively yielded C:N sediment ratios in line with literature values. These

M values were used here.
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X. N20, NOx, NH3, and CH4 emissions to air from manure management
For livestock, the EEA (EEA, 2013) mass balance approach was used, with adjustments
to emissions factors based on EPA (EPA, 2016) Annex 3, IPCC (IPCC, 2006) and other

literature sources.

For aquaculture sediment, N was calculated as unconsumed feed and solid excreta less

gaseous losses (Materials and Methods, Section 6c¢. viii). Liquid N excreta was assumed

to be lost from the system (e.g., in drainage water). Sediment OC was calculated as
deposited OC after mineralization (Cs - M). OC was multiplied by 2.05 to estimate
volatile solids, a value that was derived from a linear regression on aquaculture residue
composition (Holmer et al., 2005). A maximum methane potential (Bo) of 0.31 was
used (Suhr et al., 2015). The fate of sediments was taken from details in each study.
Fates typically included field application, pumping/release into other water bodies, or
storage in anaerobic sediment ponds or stockpiles. The first two have no emissions, and
for the latter, emissions were based on slurry in uncovered anaerobic lagoons (IPCC,

2006).
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7) Filling Gaps in The Rest of the Supply Chain

a. Land Use Change

To estimate CO2 emissions and sequestration from carbon stock change, we used a model
consistent with PAS2050-1 (Blonk Consultants, 2013). The model uses above- and below-
ground carbon pools (IPCC, 2006) by country and accounts for multiple climates and soil
types (JRC, 2010). It then uses agricultural land expansion by country (FAOSTAT, 2021) to
estimate emissions. Emissions are amortized over 20 years (The British Standards
Institution, 2011). We also estimated CH4 and N2O emissions from forest burning, and CO»,
CHas and N20O emissions from peat burning, using country forest and peat burning extent
(Rossi et al., 2016). Country data, as opposed to farm or sub-regional data, better reflect the

drivers of land use change which cover multiple actors (Ponsioen & van der Werf, 2017).

We adapted the model by defining when a specific crop’s expansion translates into losses
from another land class. First, arable crops were taken to expand into existing arable area
first, and permanent crops into existing permanent crop area first. Second, where the sum of
expansion and contraction of all crops (net expansion) was positive, arable cropland was
assumed to expand into permanent cropland if a negative balance existed in the other, and
vice versa. Third, both arable crops, permanent crops, and permanent pasture were taken to
expand proportionately into deforested area. Fourth, any remaining cropland not accounted
for was taken to expand into pasture or vice versa if a negative balance existed in the other.
Finally, any remaining agricultural area expansion was allocated to the ‘other land’ category

(which includes degraded land).

Under this approach, 61% of 1990-2010 forest loss was attributable to commercial
agriculture (excluding shifting cultivation). This value reconciles to survey data (Hosonuma
et al., 2012). We used FAO data (FAOSTAT, 2021) as a consistent annual inventory of

multiple land classes, but recognise that total deforestation in the Forest Resources
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Assessment (FAOSTAT, 2021) is below remote sensing estimates (M. C. C. Hansen et al.,
2013). Our approach likely underestimates agriculturally induced land use change, but

benefits by reconciling to FAO data.

b. Transport

Distances, modes, and emissions were adapted from ecoinvent (ecoinvent, 2013). The
ecoinvent methodology took annual global transport volumes by mode (Fulton et al., 2009;
International Civil Aviation Organization, 2017; UNCTAD, 2015) and allocated these
between different products and transport modes using data from US freight surveys of 42
goods, and EU-27 freight surveys of 20 goods. Here, we estimated the chilled transport share
from UK data (James & James, 2010). We drew emissions from a dataset considering

average load factors and the full transport life-cycle (Wernet et al., 2016).

c. Processing

Data from 117 LCA studies provided 232 observations on GHG emissions, acidification and
eutrophication, and processing conversions across ~495 processes. The data were
consolidated into averages and standard deviations, weighted by the number of processing

plants assessed per observation.

d. Packaging

Data from previously used studies and an additional 34 LCA studies provided 171
observations. Studies were included that assessed end-of-life disposal and calculated at least
GHG emissions. The observations were consolidated into 11 product groups with similar

pack types.

e. Retail
Data from a further two LCA studies, combined with studies previously used, provided 58

observations across three groups: fresh, chilled, and ambient.
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f. Losses

Following the FAO (FAO et al., 2011), food losses occur at five stages, during: harvest and
pre-harvest operations (Ly); storage and transport between farm and distribution (L,);
processing and packaging (L,); wholesale and retail distribution (L5); and consumption (L,).

Consumption losses are not included in this study.

Production and yield in FAOSTAT and the food balance sheets (FBS) are net of harvest and
pre-harvest losses (L,) (FAO, 2001). Here, all yield data collected from LCA studies were
entered in the database net of harvest and pre-harvest losses to ensure reconciliation. Storage
and transport losses (L) were occasionally reported by LCAs, and if missing this gap was
filled. Estimates of losses at this stage were taken from the FBSs, following Gustavsson et
al. (Gustavsson et al., 2013). Processing and packaging (L,), and wholesale and retail (L5)
losses were taken from Gustavsson et al. (Gustavsson et al., 2013). Losses at these stages
represent an average for the crop/geography, not necessarily the consumption mode in this

study.

Losses were calculated as the additional food required to deliver one functional unit to the
consumer as:
(LUC + Feed + Farm)

(1—1Ly)
(1-L,)

+ Proc
+ Trans + Pack + Rtl

r= (1+L3)

L=T— (LUC + Feed + Farm + Proc + Trans + Pack + Rtl)
where T represents the total mass flow including losses, and L represents losses. If by-
products are marketed (e.g., feed-grade vegetables), allocation means that the mass flow

does not equal the environmental flow.
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8) Weights
a. Within-Country Weights
Study representativeness within a country was determined first, either based on values
reported by the author, or by derivation from global datasets on tillage (FAO, 2016a),
irrigation (S. Siebert et al., 2010), organic farming (FiBL and IFOAM, 2014), and/or sub-

national production censuses.

b. Between-Country Weights
i. Temporary and Permanent Crops
Where >75% of global production was represented by observations, countries were

weighted by production (eight crops).

Where <75% of global production was represented, agro-ecological suitability
(ITASA/FAO, 2012) and macro-nutrient input levels (West et al., 2014), were used to
group countries by similarity. HDI was used as a proxy for macro-nutrient input if not
available (UNDRP et al., 2014). This created a 2x2 high-low suitability-input matrix of
countries for 21 crops. The production weights of all countries in each quadrant were

scaled up to the share of global production represented by each quadrant.

For the remaining four crops, weights were based on the share of each country’s

production.

ii. Animal Products

For milk, countries were split into three groups (low, medium, and high yield per cow)
(FAOSTAT, 2021) where boundaries between each group split global production in
thirds. For fish, shares of production by species were taken from FishStat) (FAO,
2016b). For other animal products, weights were based on country production (FAQO,

2016¢; FAOSTAT, 2021).
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9) Randomization and Resampling

Some studies group farms into a single observation and provide an average mid-point impact
and associated standard deviation. When we fill gaps in the supply chain, variance is also
associated with: emissions factors (but here not characterisation factors); processing,
packaging, retail, and transport impacts; processing conversions; and other conversions (e.g.,

dry matter weights).

To include all these sources of variance, as well as the variance among observations, we re-
specified all values associated with variance as normally distributed variables. A random
number was then generated, creating a new value for each observation. For each product one
observation was randomly recorded, with likelihood based on the observation weights. A new
random number was generated, and the process repeated creating 10,000 observations for each

product.

This approach has limitations if studies did not report standard deviations, or remodelling from
inventory data were used to fill different emissions gaps for each study. Nevertheless, it was

the best way identified to effectively incorporate these multiple sources of variance.
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Supplementary Text

Reconciliation of values from this meta-analysis to independent estimates

Table S10. Weighted average global yields for this study vs. FAO global average yields.

Crop FAO Yield This Study Yield Bias (Study - FAO
(n = observations) (tha?, °09-11 avg.) (that, ~2010) Yield) / FAO Yield
Mean 90th-pctl Mean 90th-pctl Mean 90th-pctl

Wheat & Rye (n =261) 3.1 6.4 3.2 7.1 6% 11%
Maize (152) 5.2 9.7 5.3 10.0 3% 4%
Barley (93) 2.7 6.1 2.7 6.4 2% 6%
Oats (17) 2.3 4.6 2.4 3.2 8% -30%
Rice (flooded) (65) 4.4 6.6 45 7.2 2% 9%
Potatoes (91) 16.6 411 19.8 41.0 19% 0%
Cassava (52) 11.4 20.1 11.2 23.7 -1% 18%
Sugar Cane (53) 710 785 73.0 85.0 3% 8%
Sugar Beet (36) 51.4 90.0 49.9 75.6 -3% -16%
Other Pulses (44) 0.8 17 1.0 13 25% -22%
Peas (33) 1.6 3.0 2.0 4.4 23% 47%
Nuts (23) 1.4 43 1.4 38 2% -12%
Groundnuts (24) 16 3.4 2.1 3.6 27% 4%
Soybeans (49) 25 2.9 23 3.0 -5% 3%
Palm (30) 14.2 20.9 19.4 23.0 37% 10%
Sunflower (31) 1.4 2.3 1.4 2.4 2% 5%
Rapeseed (77) 1.9 3.6 2.1 3.6 8% 1%
Olives (24) 2.0 2.9 2.0 9.9 0% 238%
Tomatoes (82) 33.6 81.5 30.3 1985 -10% 144%
Onions & Leeks (29) 18.4 45.4 245 47.2 33% 4%
Root Vegetables (30) 29.8 54.1 40.3 80.2 35% 48%
Brassicas (32) 24.9 345 24.1 57.1 -3% 65%
Citrus Fruit (30) 14.4 31.1 16.8 36.9 17% 19%
Bananas (23) 20.7 41.6 28.2 45.9 36% 11%
Apples (66) 15.0 38.8 24.4 42.9 62% 11%
Berries (40) 13.6 29.7 135 72.8 1% 145%
Coffee (28) 0.8 2.0 1.0 2.2 26% 12%
Cocoa (19) 0.5 0.6 0.5 0.7 9% 21%

Comparing mean yields to FAOSTAT (FAOSTAT, 2021), 17 of 28 crops reconcile to within
+10% (table S10). For pulses, peas, potatoes, and groundnuts, we have low representation in
low-yielding African and Asian countries, and our yield estimates are on average 24% higher

than FAOSTAT. The remaining crops that did not reconcile are primarily trees and vegetables.
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For the former, FAOSTAT data include trees in residential areas or small orchards (Statistics
et al., 2011), not captured in this dataset. Further, the distinction between bearing and non-
bearing periods is inexact and has likely reduced comparability. For palm, data for Nigeria, a
country with high production volume and low yields, are missing from the LCA literature and
therefore this meta-analysis, with a significant effect on the yield reconciliation. In summary,
this dataset overestimates yield for some tree crops. For vegetable crops, many countries group
multiple crops into ‘Vegetables, fresh nes’ for FAOSTAT reporting. Equally, values in this
meta-analysis for China (the largest producer) do not reconcile to FAOSTAT, although they
do reconcile to Chinese economic census data (National Development and Reform
Commission of China, 2013). It is unclear whether vegetable crop yields in this meta-analysis

represents an under- or over-estimate.

We also calculated weighted 90th-percentile yields between countries from FAOSTAT. For 24
of 28 crops, 90th-percentile yield is higher in this dataset than FAOSTAT, which would be

expected as this dataset captures both within- and between-country variation.

Table S11. Global land for this study vs. FAO.

Land Use (Mha) FAO This Study  Bias (Study - FAO) /
(2009-11 avg.) (~2010) FAO
Arable Land & Permanent Crops 1535 1415 -7.8%
Area Harvested 1284 1096 -14.6%
Feed - 422 -
Food - 547 -
Non-Food” - 127 -
Fallow 251 319 27.1%
Feed - 116 -
Food - 157 -
Non-Food" - 46 -
Fibre Crops, Rubber & Tobacco 16 - -
Permanent Meadows & Pasture 3322 1761 -47.0%
Feed - 1534 -
Non-Food" - 227 -

* Includes biofuels, leather, wool, processing by-products, and other non-food products derived from products
assessed in this study.
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We converted land use for each observation from Retail Weight (table S2) to the functional
units used by the FBSs (e.g., from ‘fat and bone-free meat and edible offal’ to ‘carcass weight’),
and extrapolated globally with weights using FBS consumption, losses, and non-food uses
(table S11). Arable land and permanent crops reconcile to -7.8% of FAOSTAT. Of this, we
estimate that 538 Mha (38%) was used for feed, 6% lower than Mottet et al.’s (Mottet et al.,
2017) estimate of 570 Mha, but 53% larger than Foley et al.’s (Foley et al., 2011) estimate of
350 Mha. This difference is primarily because our study and Mottet et al. economically
allocated between crops and crop by-products (such as straw or palm kernel expeller) used as

feed or bedding in animal production. These by-products represent ~150 Mha of arable land.

Our non-food arable land estimate is 12%, close to the 10% non-food mass flow in the FBSs.
In this study, non-food uses are excluded by using economic allocation and by considering

food mass flows only.

For permanent meadows and pasture, we have limited observations on ruminants in Africa,
representing 27% of global pasture area, and no observations in Saudi Arabia, Kazakhstan, or
Mongolia, representing 14% (FAOSTAT, 2021). From FAOSTAT data, pasture area is 1010
m? kg carcass™ and 5330 m? kg carcass respectively in these areas, well above the global
average (FAOSTAT, 2021). While FAOSTAT data may be overestimated (Ramankutty et al.,
2008), missing LCAs in these regions puts a strong downward bias on our estimate of ruminant
land use. This also puts a downward bias on our estimate of emissions from cultivated organic
soils. It has a smaller effect on our land use change estimates, which are driven by countries
where pasture area reconciles. For our global land use totals and diet change estimates, we
correct by the difference in our estimate and FAOSTAT to bring the total global pasture value
to 3322 Mha. While we are unable to reconcile to FAOSTAT, our estimate is just 10% lower

than that of Mottet et al. (Mottet et al., 2017) who used a similar modelling approach.
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Areas under permanent ice and deserts are generally unsuitable for agriculture. In 2000, 0.8%
of desert was cropland and 16.5% was extensive rangelands (extensive rangelands are not
recorded as pasture in many countries) (Ellis et al., 2010). Using an ice-, and desert-free area

of 11,250 Mha (Ellis et al., 2010), agriculture occupies ~43% of the world’s land.

Table S12. Global CH4 emissions for this study (~2010) vs. estimates drawn from the

literature (~2005-2011).

Emissions Source Literature This Study
(Mt CHa) Min - Max n Average
Flooded Rice 20.0-37.5 4 32.6
Enteric Fermentation 76.2 - 105.6 7 78.3
Manure Management 9.1-12.7 7 10.7

Our estimates of agricultural methane reconcile to literature sources for flooded rice and
manure management (table S12). For enteric fermentation, our estimate is closest to the lowest
value we identify, a Tier 2/3 estimate by Herrero et al. (Herrero et al., 2013). For N2O, not all

LCAs included break out these emissions, meaning we cannot perform a reconciliation.

For land use change, we estimate that 61% of 1990-2010 forest loss was attributable to

commercial agriculture (Materials and Methods, Section 7a), and that agriculturally induced

land use change emissions from carbon stock changes and fires are 2.9 Gt COeq year? (this
includes food and non-food). Approximating total land use change emissions by dividing 2.9
by 61% yields 4.7 Gt CO.eq year, close to Houghton et al.’s (Houghton et al., 2012) roughly
comparable inventory based estimate for the same period of 4.2+0.7 Gt CO.eq year™, and
within the range of a separate estimate of 3.3+1.8 Gt CO.eq year! for 2004-13 (Friedlingstein

etal., 2014).

AQUASTAT (FAO, 2017) reports irrigation withdrawals of 2770 km? year?, close to our food
and non-food estimate of 2430 km?® year, which unlike AQUASTAT, excludes fibbers,

rubber, and tobacco. Industrial and municipal withdrawals are 1230 km? year (FAO, 2017).
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Agriculture’s share is therefore ~66%. Using withdrawals and marginal AWARE CFs,
scarcity-weighted withdrawals are 74,300 km3eq year for food and 81,200 km3q year™ for

agriculture.

Boulay et al. (Boulay et al., 2018) report consumptive water use, which accounts for water
returned to rivers and groundwater, putting agricultures share at 90%. Using consumptive water
use and marginal AWARE CFs, agriculture contributes 95% of scarcity-weighted water use.
For global analysis, many researchers suggest using average CFs (Boulay et al., 2018), which
are unpublished. At the margin, irrigation typically drives basin stress, meaning differences
between average CFs for irrigation and other uses should be smaller. We therefore report the

range 90-95%.

Variance decomposition

Variance-based sensitivity analysis allocates a portion of the variance in the output of a model
to each input. When inputs are statistically dependent, commonly used Sobol’ or R?
decompositions are difficult to interpret and often do not sum to total variance. Recently
introduced Shapley effects, under the methodology proposed by Song et al. (Song et al., 2016),
allow for nonlinear models with dependent inputs, and sum to the total variance of the output.
From our sample, we calculated covariance matrices and means of model inputs, and used the

Shapley effects implementation in R (Pujol et al., 2017). See fig. S10 for further results.
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Table S13. Variance-based sensitivity analysis of CH4 emissions model for freshwater

aquaculture ponds. Shading indicates temperature-determined inputs. n=39 observations.

Model Input Model Input Formula Contribution to Output Variance
Carbon input as NPP per m? of pond Cr 23%
Conversion of Cypp per m? to kg liveweight Cycle Time/Stocking Density 32%
Other carbon additions to pond Cin + Crisy — Crisp 8%
Mineralization of sedimented carbon M 10%
Share of M mineralized as methane Mcy, 15%
- Temperature Mcy, 4%
- Flow Mcy, 11%
Methane released to atmosphere R 12%
Contribution of Temperature to Variance 37%

Table S14. Variance-based sensitivity analysis of reactive N loss models, assessing the
fraction of N lost. Shading indicates geographically determined inputs. For these sensitivity
analyses, performed across multiple products, we calculated weighted covariance matrices and
weighted means of model inputs. ‘Total’ is an average of effects by row, weighted by the share
of each emission in total volatile N emissions from crops. Fert = synthetic (syn) and organic

(org) fertilizer. Res = crop residue.

Model Input N20 Fert N20 Resid. NOy NHzSyn NH3zOrg NHsRes NO3~ Total
n = observations 674 1397 620 1134 632 993 783 -

N per hectare 13% - 41% - - - - 2%
Crop/Fertilizer type 35% 100% - 85% 100% 100% 32% 56%
Soil organic carbon 5% -

Soil nitrogen - - 36%

Soil pH 3% - - 11%

Soil texture 3% - - - - - 27%
Temp/Precipitation 41% - 23% 4% - - 41%

Contrib. of Geog. 52% 0% 59% 15% 0% 0% 68% 42%

Diet change estimates

Current diets are taken from FBSs (3). The mix of protein sources in the ‘No animal products’
diet is taken from survey data (n = 120) reported in Haddad and Tanzman (Haddad & Tanzman,
2003). Fruit and vegetable consumption increases by 20% under the ‘No animal products’ diet
based on survey data (n = 2041) reported in Springmann et al. (Springmann, Godfray, et al.,

2016).
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Table S15. Per capita composition of global diets. FBS weight is ‘Food supply quantity’ in
the FAO food balance sheets. It is in the units used in the FBSs (e.g., carcass weight) and

includes storage and transport losses only (Materials and Methods Section 7f). Retail Weight

includes losses between distribution and retail, but not consumer losses, and is expressed in
Retail Weight functional units (e.g., fat and bone-free meat, table S2). Calories and protein are
in Retail Weight. On a Retail Weight basis, farmed animal products provide 18% of calories

and 37% of protein.

Current Diet (2009-11 avg.) No Animal Products
FBS Weight Retail Wt. Calories Protein Retail Wit. Calories Protein
(g/d) (g/d) (kcal/d) (g/d) (g/d) (kcal/d) (g/d)
Beef (beef herd) 16 10 22 2.1 0 0 0
Lamb & Mutton 5.7 3.7 11 0.7 0 0 0
Beef (dairy herd) 13 8.6 18 1.7 0 0 0
Buffalo 2.7 1.8 2.8 04 0 0 0
Crustaceans (farmed) 4.3 2.1 11 0.2 0 0 0
Cheese 8.3 8.0 27 1.7 0 0 0
Pig Meat 45 28 112 45 0 0 0
Fish (farmed) 18 7.4 12 1.7 0 0 0
Poultry Meat 39 26 51 45 0 0 0
Eggs 24 24 34 2.6 0 0 0
Fish (capture) 21 8.4 13 1.9 0 0 0
Crustaceans (capture) 8.5 4.2 2.1 04 0 0 0
Tofu 35 3.2 25 0.5 53 40 8.4
Groundnuts 43 35 21 0.9 5.9 36 16
Other Pulses 16 15 51 31 55 188 12
Nuts 6.0 2.7 16 0.5 4.7 28 0.8
Peas 2.3 2.1 7.2 0.5 7.9 27 18
Milk 185 171 105 6.1 0 0 0
Butter, Cream & Ghee 4.8 4.6 29 0.1 0 0 0
Soymilk 10 9.1 5.1 0.3 185 104 6.1
Cassava 55 45 44 0.4 45 44 0.4
Rice 148 134 494 9.3 146 538 10
Oatmeal 1.6 1.0 2.6 0.1 1.1 2.9 0.1
Potatoes 115 90 66 1.3 90 66 1.3
Wheat & Rye (Bread) 182 166 471 14 181 513 15
Maize (Meal) 47 28 127 31 31 138 3.3
Cereals & Oilcr. Misc. 39 34 93 32 37 101 35
Palm Qil 6.6 6.7 52 0 75 59 0
Soybean Qil 10 10 77 0 11 87 0
Olive Qil 12 1.3 10 0 15 11 0
Rapeseed Qil 4.0 4.1 33 0 4.7 37 0




Reducing agriculture’s environmental impacts through diverse producers 163

Sunflower Oil 3.8 3.8 31 0 4.3 35 0
Oils Misc. 5.1 4.7 41 0 5.2 47 0
Animal Fats 4.2 3.8 27 0 0 0 0
Tomatoes 55 37 6.7 0.4 44 8.0 0.4
Brassicas 28 25 6.2 0.3 30 75 0.4
Onions & Leeks 29 23 8.7 0.3 28 10 0.4
Root Vegetables 13 11 2.8 0.2 14 34 0.2
Other Vegetables 241 213 53 29 256 64 34
Agquatic Plants 5.0 44 1.8 0.1 5.3 2.1 0.1
Berries 11 75 43 0 9.0 5.1 0.1
Bananas 42 29 19 0.2 35 23 0.3
Apples 25 22 9.2 0.1 27 11 0.1
Citrus 48 40 11 0.2 47 13 0.2
Other Fruit 77 58 26 0.3 69 32 0.4
Cane Sugar 50 41 145 0 41 145 0
Beet Sugar 10 7.9 28 0 7.9 28 0
Sweeteners & Honey 8.3 6.7 20 0 6.7 20 0
Beer 72 63 28 0.3 63 28 0.3
Wine 9.1 8.0 53 0 8.0 53 0
Dark Chocolate 1.7 0.6 3.0 0.1 0.6 3.0 0.1
Coffee 31 1.7 0.7 0.1 1.7 0.7 0.1
Stimul. & Spices Misc. 5.3 35 6.8 0.4 35 6.8 04
Total 1792 1480 2494 72 1573 2516 72

For the USA, the share of imported and domestic food was estimated from the FBSs. Global
impacts were used for imported food. For domestic consumption, environmental impacts were

recalculated using observations from the USA and Canada.
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Table S16. Per capita mass and nutritional composition for diets in the USA. FBS weight
is ‘Food supply quantity’ in the FAO food balance sheets. It is in the units used in the FBSs

(e.g., carcass weight) and includes storage and transport losses only (Materials and Methods

Section 7f). Retail Weight includes losses between distribution and retail, but not consumer
losses, and is expressed in Retail Weight functional units (e.g., fat and bone-free meat, table

S2). Calories and protein are in Retail Weight.

Current Diet (2009-11 avg.) No Animal Products
Share FBS Weight Retail Wt. Calories Protein  Retail Wt. Calories  Protein
Imported (g/d) (g/d) (kcal/d) (g/d) (g/d) (kcal/d) (g/d)

Beef (beef herd) 10% 79 51 72 8.9 0 0 0
Lamb & Mutton 55% 1.2 0.8 2.7 0.1 0 0 0
Beef (dairy herd) 10% 26 18 25 3.1 0 0 0
Buffalo 3% 2.2 15 1.8 0.4 0 0 0
Crustaceans (farmed) 85% 3.2 16 0.9 0.2 0 0 0
Cheese 4% 45 43 172 11 0 0 0
Pig Meat 5% 77 47 112 6.8 0 0 0
Fish (farmed) 61% 13 0.5 0.9 0.1 0 0 0
Poultry Meat 1% 138 92 182 17 0 0 0
Eggs 0% 38 37 52 4.0 0 0 0
Fish (capture) 61% 31 12 20 26 0 0 0
Crustaceans (capture) 85% 24 12 6.4 1.2 0 0 0
Tofu 1% 2.2 2.0 1.6 0.3 104 79 17
Groundnuts 4% 8.4 6.8 47 21 23 159 7.2
Other Pulses 20% 9.2 8.4 29 1.9 108 366 24
Nuts 46% 11 51 30 0.9 17 102 29
Peas 32% 13 1.2 4.1 0.3 16 52 3.8
Milk 4% 373 346 183 10 0 0 0
Butter, Cream & Ghee 3% 5.6 5.4 38 0 0 0 0
Soymilk 1% 6.2 5.7 31 0.2 357 191 12
Cassava 100% 2.7 22 0.8 0 22 0.8 0
Rice 23% 19 17 66 1.2 20 75 1.4
Oatmeal 66% 11 7.2 17 0.7 8.2 20 0.8
Potatoes 15% 152 119 72 1.9 119 72 1.9
Wheat & Rye (Bread) 13% 221 202 531 17 232 610 20
Maize (Meal) 0% 35 20 84 15 23 97 1.7
Cereals Misc. 13% 11 10 27 0.7 11 31 0.8
Palm Oil 100% 0.2 0.2 15 0 0.2 1.7 0
Soybean Oil 2% 63 63 478 0.2 70 528 0.2
Olive Qil 100% 25 2.7 20 0 3.0 23 0
Rapeseed Oil 84% 5.1 5.2 41 0 5.8 46 0
Sunflower Oil 23% 0.6 0.7 5.0 0 0.7 55 0
Oils Misc. 45% 4.0 3.7 30 0 4.1 34 0
Animal Fats 2% 8.8 8.0 55 0 0 0 0
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Tomatoes 11% 111 74 13 0.6 88 15 0.7
Brassicas 26% 5.9 5.2 1.2 0.1 6.3 15 0.1
Onions & Leeks 11% 28 22 7.1 0.2 27 8.6 0.3
Root Vegetables 26% 7.3 6.4 15 0.1 7.7 1.8 0.1
Other Vegetables 26% 175 155 37 1.7 186 44 21
Berries 14% 20 15 8.1 0.1 17 10 0.1
Bananas 93% 31 21 13 0.2 26 16 0.2
Apples 54% 59 52 18 0 63 22 0

Citrus 39% 103 86 23 0.4 103 28 0.5
Other Fruit 60% 70 53 26 0.3 63 31 0.4
Cane Sugar 31% 69 56 208 0 56 208 0

Beet Sugar 31% 13 10 37 0 10 37 0

Sweeteners & Honey 7% 86 70 222 0.1 70 222 0.1
Beer 12% 224 197 83 0.6 197 83 0.6
Wine 30% 20 17 12 0 17 12 0

Dark Chocolate 100% 75 2.7 10 0.4 2.7 10 0.4
Coffee 100% 11 6.1 3.4 05 6.1 3.4 05
Stimul. & Spices Misc. 86% 39 2.6 5.1 0.3 2.6 5.1 0.3
Total - 2463 2011 3138 100 2074 3249 100

Diet change carbon sink

If farmland, no longer required for food production, reverts to natural vegetation, it can remove
carbon dioxide from the atmosphere. Schmidinger and Stehfest (146) report how much carbon
would be removed by natural vegetation for scenarios of less animal product consumption,
broken down for five animal products and five geographic regions. These potentials are based
on simulations in the IMAGE integrated assessment model, which uses 13 potential vegetation

types and a spatially explicit economic land use allocation model.

Under the ‘No Animal Products’ scenario, 809 Gt of CO2 would be removed by re-growing
vegetation from the atmosphere over 100 years, with continued but lower uptake after that.
74% is uptake by above- and below-ground vegetation biomass and 26% is soil carbon
accumulation. This sink is additional to the annual avoided agricultural CO2eq emissions.
Under the second scenario of a 50% reduction in animal products targeting the highest impact

producers, 551 Gt of CO, would be removed from the atmosphere over 100 years.
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Sensitivity Analysis
Here, we report four sensitivities to the diet change scenarios. These are not reflected in the

reported confidence intervals.

1. Oil production creates meals that are primarily fed to animals. For sunflower, palm, and
rapeseed, 10-30% of the environmental impact is apportioned to animal products using
economic allocation, increasing to ~60% for soy. Here, we assume 100% is apportioned
to oil. This is a worst-case scenario: meal is a food (e.g., soy flour), and it can fertilize
crops, suppress weeds, and build soil fertility (Darby et al., 2010).

2. We estimate the change in emissions from replacing manure and slurry with synthetic
fertilizer. We include emissions from fertilizer production and all N losses. We use
studies with full inventory data on N flows only. We do not account for lower nutrient
availability of organic fertilizer to plants.

3. At CO; concentrations of 990ppm by 2100, CO: fertilization could increase the ‘No
animal products’ scenario carbon sink. We approximate this by multiplying the
additional sink from Strassmann et al. (151) by the 76% reduction in farmland.

4. Consumer waste, not assessed elsewhere in this study, is 2.5-9% higher in animal than
vegetable proteins, but is also high in fresh fruit and vegetables which increase in the
‘No animal products’ diet. We quantify this using estimated consumer wastage values

from Gustavsson et al. (Gustavsson et al., 2013).
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Table S17. Sensitivity of the ‘No animal products’ scenario. Showing absolute change in
impact, and in parentheses, the percentage change in impact (e.g., for Scenario 1, +2.8% means

food’s annual GHG emissions are reduced by ~46% instead of 49%).

Scenario Land Use GHG Acid. Eutr. Sct. Wir.

(Mha) (Gt CO2¢eq) (Kt SO2¢eq) (Kt PO4*eq) (km3eq)
1. Oilseed meals not +63 +0.38 +1110 +870 +970
utilised (+1.5%) (+2.8%) (+1.3%) (+1.3%) (+1.3%)
2. Manure replaced with i +0.06 +1150 +490 i
synthetic fertilizer (+0.4%) (+1.3%) (+0.8%)
3. Carbon sequestration

- -3.20 - - -

per year at 990ppm
4. Lower consumer waste -12 -0.04 -220 -160 -310

of veq. proteins (-0.3%) (-0.3%) (-0.2%) (-0.2%) (-0.4%)
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Table S18. Global GHG emissions, acidification, and eutrophication by stage of the
supply chain for the year ~2010. GHG emissions from savannah burning are taken from
FAOSTAT (FAOSTAT, 2021). Acidification and eutrophication from land use change and
savannah burning are taken from EDGAR (EC-JRC/PBL, 2013). GHG emissions from capture
fisheries are from Parker et al. (Parker et al., 2018), and acidifying and eutrophying emissions
are calculated based on fuel use. Global total GHG emissions are taken from EDGAR,
replacing emissions from organic soils, savannah burning, land use change, enteric
fermentation, methane emissions from rice, and methane from manure management with
values from this study. Total acidifying and eutrophying emissions to air are taken from

EDGAR. Non-agricultural phosphorus emissions are taken from Cordell et al. (Cordell et al.,

2011).

Terrestrial Freshwater &
GHG Emissions Acidification (Mt  Marine Eutr.

Emissions Source Gt COzeq % Share SO2¢q) (Mt PO4*eq)

Land Use Change 2.38 17% 2.5 0.5
Food 0.78 6% 0.8 0.2
Feed 1.60 12% 1.7 0.3

Savannah Burning 0.29 2% 0.8 0.2

Cultivated Org. Soils 0.55 4% - -

Food 0.27 2% - -
Feed 0.28 2% - -

Crop Production 3.68 27% 45.9 45.4
Food 2.87 21% 24.6 25.1
Feed 0.81 6% 21.3 20.3

Livestock/Aquaculture 4.14 30% 23.5 15.9

Capture Fisheries 0.18 1% 2.9 0.3

Processing 0.60 4% 2.2 1.1

Transport 0.80 6% 7.3 0.8

Packaging 0.63 5% 35 0.6

Retail 0.39 3% 3.7 0.5

Total 13.7 - 924 65.3

Food Waste 2.05 - 14.1 11.6

All Sector Total 52.3 - 290.5 84.2

Food Share 26% 32% 78%




Reducing agriculture’s environmental impacts through diverse producers

169

A 100g protein
Beef (beef herd)

Lamb & Mutton
Beef (dairy herd)

Crustaceans (farmed)
Cheese

Pig Meat

Fish (farmed)

Poultry Meat

Eggs

Tofu

Groundnuts

Other Pulses

Peas

Nuts

1 litre
Milk

Soymilk

c 1000 kcal

Cassava

Rice (flooded)
Oatmeal

Potatoes

Wheat & Rye (Bread)
Maize (Meal)

D 1 litre
Palm Oil
Soybean Oil
Olive Oil
Rapeseed Oil

Sunflower Oil

1kg
Tomatoes

Brassicas
Onions & Leeks

Root Vegetables

1kg
Berries

Bananas
Apples

Citrus

1kg
Cane Sugar

Beet Sugar

1 unit
Beer (5 ABV)

Wine (12.5ABV)

| 1 serving
Dark Chocolate (50g)

Coffee (15g, 1 cup)

GHG Emissions Land Use Terrestrial Acidification Eutrophication Scarce.-Wtd. Water Use
(kg CO.eq) (m2year) (g SO,eq) (g PO*eq) (‘000 Liters eq)
Impact caused by Impact caused by
25% of producers (%) 5% of producers (%)
. = . e
- 56 - 61 ‘ ‘L‘ - 48 u 40 - 67
34 o 7 -+ 80 35 34 - 24
‘ 39 l 60 h - 44 h 76 »L 10
0 25 50 75 0 100 200 300 O 100 200 300 0 100 200 300 O 50 100 150
—~ 63 72 49 .~ 60 -+ 49
41 44 49 . - 53 15
‘ . . 52 ‘. e 59 ‘& - 8 e ‘ 41 ‘ 17
47 41 46 45 26
A, - & 7 "~ S 3 - W "
45 39 35 ' 33 37
L 42 h 40 L 50 a 36 ‘ A 16
) 47 48 39 56 84
t 44 L 46 l 37 L 78 l o4
- 54 43 49 - 18
0 5 10 15 0 10 20 30 0 50 100 150 0 50 100 150 0 50 100 150
38 38 30 38 36
0 2 4 6 0 3 6 9 0 20 40 60 0 10 20 30 0 20 40 60
._k, 51 h 4 L 34 ‘ 34 .
49 52 54 - 81 i -+ 51
Ada . o . A A e .
37 37 36 40 23
55 58 42 59 46
0 1 2 3 0 2 4 6 0 4 8 12 0 4 8 12 0 10 20 30
_da ok T | o d ol ;
- 54 41 34 42 37
A - 4 _.'.A‘: 57 L‘ . ..AL—" 36 LA - 18
37 44 44 o~ 49 Y 22
‘ 34 —AAA 35 _L_‘_ 51 ‘ —~ 67 l 26
0 5 10 15 0 10 20 30 0 20 40 60 0 20 40 60 0 60 120 180
: - 80 - 67 47 - 82 16
‘LA. . 49 hj 8 -.‘ 33 M 38 ‘L 3
39 I 40 33 57 28
‘ 40 u, 49 F‘ 29 L 67 l e 37
0 0.5 1 15 0 05 1 15 0 6 12 18 0 5 10 15 0 5 10 15
’ 43 - 59 61 - 71 10
‘-._ 34 ’14 — 40 )L 34 L- 52 l 4
33 |8 42 32 35 B 20
L_'_ 48 A‘_'_ 49 _A'_ 37 L‘ 61 L 34
0 1 2 3 0 2 4 6 0 4 8 12 0 4 8 12 (] 20 40 60
44 42 39 56 42
A 34 ‘ — 41 ‘L 36 ‘ 50 l — -+ 46
0 2 4 6 0 15 3 45 0 15 30 45 0 15 30 45 0 15 30 45
l 35 53 33 46 - 82
‘ - 43 k 41 ‘ 39 ‘ 45 L 61
0 02 04 086 0 02 04 06 0 1 2 3 0 05 1 15 0 0.1 02 03
- 88 46 56 55 88
L 75 h 69 ‘ 33 ‘__‘ 61 l 12
0 3 6 9 0 3 6 9 0 3 6 9 0 4 8 12 0 0.1 02 03



Supplementary Materials for Chapter 2 170

Fig. S3. Distributions of environmental impacts by product. Histograms are normalized and
smoothed using a Gaussian kernel, and then rescaled for display to set the largest bin count
equal to one. Black arrows indicate that >5% of the data lie outside the plot. Shown to the right
of each histogram is the percentage of global environmental impact caused by 25% of
production (or by 5% of production for scarcity-weighted freshwater withdrawals). (A)
Protein-rich products. (B) Milks. (C) Starch-rich products. (D) Qils. (E) Vegetables. (F) Fruits.
(G) Sugars. (H) Alcoholic beverages (1 unit = 10 ml of alcohol; ABV, alcohol by volume). (1)

Stimulants. Fisher-Pearson coefficients of skew are provided in Data S2.
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Fig. S4. Correlations between greenhouse gas emissions and land use (first column),
greenhouse gas emissions and acidifying emissions (second column), and greenhouse gas
emissions and eutrophying emissions (third column), and correlations between
environmental impacts and proxies (last two columns), for all producers globally. R? is
shown when p < 0.05 on the regression coefficient. In the second column, R? values are also
shown for correlations between acidifying emissions and eutrophying emissions. Emissions for
crops exclude land use change and cultivated organic soils that are calculated at the country
level and cannot be changed directly by individual farmers. We do not assess indirect land use
change in this study but including it would increase correlations with yield. Emissions for
animal products include land use change and cultivated organic soils caused by feed. LCA
modelling means variance in environmental impact accumulates multiplicatively, and impacts
are log-transformed to control for this. Proxies are not log-transformed, and relationships are
fitted by including a quadratic term if significant at p < 0.05. Observations are normalized by
subtracting the weighted mean and dividing by the weighted standard deviation of each crop
or animal product, allowing similarly produced products to be compared together. Observations
with values on any indicator or proxy greater than £5 SD are excluded (n = 9). (A) Wheat, rye,
barley, and oats. (B) Maize. (C) Sunflower and rapeseed. (D) Soybeans and groundnuts. (E)
Beef and lamb. (F) Milk. (G). Pork and poultry. (H) Aquaculture (fish and crustaceans).

Sample sizes, R? and p-values are provided for all regressions in Data S2.
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Fig. S5. Trade-offs and correlations between environmental impacts for products in
similar geographies or systems. Only emissions that producers can control (fertilizer,
pesticide, crop residue, lime, machinery, fuel) are included. Emissions that are largely fixed
per hectare and cannot be controlled directly by an individual producer (land use change and
emissions from organic soils) are excluded; greater fixed emissions will make yield increases
more beneficial. Observations are normalized by subtracting the weighted mean and dividing
by the weighted standard deviation. We assume we have sufficient observations of input
optimizing producers, and fit the frontier of lowest land use and emissions using maximum
likelihood estimation of the stochastic frontier (Coelli & Henningsen, 2017). The red line
represents significance at p < 0.05 on the quadratic term, and the grey line represents a positive
but insignificant quadratic term. We also show R? values for the linear regression of log-
transformed land use on log-transformed emissions (same as fig. S4, but for crops in similar
geographies and systems). (A) Northern European (Denmark, Finland, France, Germany,
Ireland, Netherlands, Poland, Sweden, Switzerland, and United Kingdom) wheat. (B) Northern
European barley. (C) Northern European potatoes. (D) Greenhouse tomatoes. (E) Apples. (F)
Grapes cultivated in France, Italy, Portugal, and Spain. Sample sizes and p-values are provided

in Data S2.
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Fig. S6. Effect of practice changes on environmental impact. (A) Effect of four
commercially viable practice changes for crops (larger vs. smaller farms; protected vs. open-
field cropping; diversified rotation vs. monoculture; organic vs. conventional). Studies are
included only if they assess specific farms in the same location and year. Dark shaded bars
represent the 10th- and 90th-percentiles. Light shaded bars represent the 95% confidence
interval of the logged and back-transformed response ratio. n = observation pairs. (B) Same as
(A) but for animal products (improved vs. unmanaged or degraded pasture; confinement vs.
grazing or free-range; alternative feed vs. current feed (e.g., European legumes vs. imported
soy); feedlot finished vs. grass finished beef; organic vs. conventional). For animal products,

GHG emissions include land use change and cultivated organic soils associated with feed.
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Fig. S7. Contributions of emission sources to total farm-stage GHG emissions. Grey bars

show 10th- and 90th-percentile contributions. Shaded bars represent the distribution. Density

is estimated using a Gaussian kernel with bandwidth selection performed by biased cross-

validation. (A) Wheat, rye, barley, and oats. (B) Maize. (C) Flooded rice. (D) Sunflower and

rapeseed. (E) Soybeans and groundnuts. (F) Roots (potatoes, sugar beet, and root vegetables).

(G) Sugar cane. (H) Vegetables (tomatoes, lettuce, cucumber, green beans, and green peas).

(1) Beef and lamb. (J) Milk. (K) Pork and poultry. (L) Aquaculture (fish and crustaceans),

where manure management includes emissions from ponds.
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Fig. S8. Contributions of emission sources to total farm-stage acidification. Grey bars show
10th- and 90th-percentile contributions. Shaded bars represent the distribution. Density is
estimated using a Gaussian kernel with bandwidth selection performed by biased cross-
validation. (A) Wheat, rye, barley, and oats. (B) Maize. (C) Flooded rice. (D) Sunflower and
rapeseed. (E) Soybeans and groundnuts. (F) Roots (potatoes, sugar beet, and root vegetables).

(G) Sugar cane. (H) Vegetables (tomatoes, lettuce, cucumber, green beans, and green peas).
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Fig. S9. Contributions of emission sources to total farm-stage eutrophication. Grey bars

show 10th- and 90th-percentile contributions. Shaded bars represent the distribution. Density

is estimated using a Gaussian kernel with bandwidth selection performed by biased cross-

validation. (A) Wheat, rye, barley, and oats. (B) Maize. (C) Flooded rice. (D) Sunflower and

rapeseed. (E) Soybeans and groundnuts. (F) Roots (potatoes, sugar beet, and root vegetables).

(G) Sugar cane. (H) Vegetables (tomatoes, lettuce, cucumber, green beans, and green peas).
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Fig. S10. Contribution of each impact source to variance among producers for the same
product. Contributions are calculated wusing variance-based sensitivity analysis
(supplementary text). (A) Animal products. ‘Water Use — Farm’ includes drinking water,

service water, and pasture irrigation. (B) Crops.
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Fig. S11. Detailed case-study of wheat, showing: contributions to variance of each impact
source; drivers of the impact distribution; and the role of geography in impacts. Here,
contributions of geography/practice to variance in emissions represent the variance not
explained by fertilizer quantity using linear regression. (A) Full supply chain GHG emissions.
(B) Farm-stage GHG emissions. (C) Farm-stage land use. (D) Farm-stage acidifying emissions.
(E) Farm-stage eutrophying emissions. (F) Farm-stage scarcity-weighted freshwater

withdrawals.
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Processing
A 100g of protein

Beef

Mutton & Lamb

Cheese

Pig Meat

Fish

Poultry Meat

Tofu

Groundnuts

B 1litre
Milk
Soymilk

C 1000 kcal
Rice
Oatmeal
Wheat & Rye
Maize (Meal)

D 1litre
Palm Oil

Soybean Oil
Olive Oil
Rapeseed Oil

Sunflower Oil

E 1kg

Cane Sugar

Beet Sugar

F 1unit
Beer (5% ABV)

Wine (12.5% ABV)

G 1serving
Dark Chocolate (50g)

Coffee (15g, 1 cup)

Packaging

Slaughter
Slaughter
Caseiculture
Slaughter
Processing
Slaughter
Production

Deshelling, Roasting

Pasteurisation, Sterilisation
Production

Dehulling, Milling, Polishing
Peeling, Rolling

Milling, Bread Making

Dry Milling

Milling & Refining
Crushing & Refining
Pressing

Milling & Refining
Milling & Refining

Milling
Milling

Malting, Mashing, Brewing

Vinification

Roasting, Grinding, Blending
Wet/Dry Proc., Grind., Roast.

H 1 kg /litre of retail weight

Bread

Oatmeal, Nuts, Rice, Sugar, Other

Beans, Pulses

Fresh Fruit, Vegetables, Roots (Durable)

Fresh Fruit, Vegetables, Roots (Delicate)

Coffee
Chocolate
Oil, Wine
Beer

Milk

Meat, Fish, Crustaceans

Cheese, Tofu

Eggs

Retail

| 1 kg/litre of retail weight
Fresh: Fruit and Vegetables
Chilled: Meat, Fish, Cheese, Tofu, Beer

Ambient: Bread, Nuts, Roots, Eggs, Oils, Other

77

10

24

42

o

© O ® ®

3

15
27
38
26
13

24
22

GHG Emissions
(g COeq)

0

1000 2000

3000

150

1000

1500

(A E—

30

60

e 1

- 1

600

920

800

9o

1°th
petl

110

280
100
31

140
180
60

,050
120
,280
140
120

24
66

100

1200

—

Min

Mean

Max

20

Mean

1,120
710
340
300

60
450
490
170

87
160

22
77
28

200

190
200

26
280

23

27

Mean

84
90
360
45
210
1,250
750
790
510
100
410
180
180

270
40

90t
petl

2,550
1,120
840
610
210
800
700
270

290
260

41
34
130
32

340

260
340

27
440

36
12

13
68

Max

250

330

890
92

3,230
1,190
2,200
2,570
200
2,330
440
300

100
1,190
190



Supplementary Materials for Chapter 2 184

Fig. S12. Variation in GHG emissions for different post-farm processes, pack types, and
retail types. Not shown: post-farm processes with negligible emissions. Bars represent 10th-
and 90th-percentiles for processing, and the minimum and maximum for packaging and retail.
(A) Processing emissions of protein-rich products. (B) Milk processing. (C) Starch-rich
product processing. (D) Oil processing. (E) Sugar processing. (F) Alcoholic beverage
processing (1 unit = 10 ml alcohol; ABV, alcohol by volume). (G) Stimulant processing. (H)

Packaging. (1) Retail.
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Fig. S13. GHG emissions, acidification, and eutrophication by stage of the supply chain
by product. Emission contributions are shown for the eight supply chain stages: 1) land use
change (burning, above and below ground carbon stock change, amortized over 20 years from
conversion, excluding savannah burning for management), which can be negative from carbon
sequestration; 2) crop production (inputs production, field emissions, drying and grading) and
for feed crops, transport; 3) livestock/aquaculture (pasture irrigation and fertilization, manure
management, aquaculture emissions, enteric fermentation and energy use); 4) processing; 5)
transport (farm to processor, processor to retailer); 6) packaging; 7) retail; 8) losses (storage
and transport, processing and packaging, wholesale and retail). (A) Protein-rich products.
Grains are an average of wheat, maize, oats, and flooded rice, and are included under protein-
rich products given their high contribution to global protein intake, despite their lower protein
content per kilogram. (B) Milks. (C) Starch-rich products. (D) Oils. (E) Vegetables. (F) Fruits.

(G) Sugars. (H) Alcoholic beverages. (1) Stimulants.
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Fig. S14. Impacts of alternative diet change scenarios. Shading indicates total global
impacts, assuming new production is produced with impacts at the 10th- and 90th-percentiles
of existing production. Non-food agricultural impacts are excluded (e.g., textiles, processing
co-products). Land use change in the ‘No animal products’ scenario reflects historical land use
change from soy and other crops. Acidification and eutrophication do not include forest or
savannah burning. Scarcity-weighted freshwater withdrawals are calculated using marginal
characterisation factors and current crop footprints. Consumer food losses are not included in
totals but are shown here for reference and are included as a sensitivity (table S17). Food miles

are based on current crop footprints and do not include transport of feed to farm.
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Data S1. Additional reference lists.

Available at: science.org/doi/suppl/10.1126/science.aag0216/suppl file/aaq0216 datasl.xls

This file contains references for all studies used in the meta-analysis, all studies not used with
justifications based on inclusion criteria, and the list of authors who contributed additional data
to this study. Detailed notes on locations of data within each published study, how study data
were supplemented with data provided by authors, and details of the recalculations performed,
are provided in the ‘Notes’ column in the original model. This model is freely available for

download from the link in this study.

Data S2. Data in spreadsheet format.

Available at: science.org/doi/suppl/10.1126/science.aaq0216/suppl file/aag0216 datas2.xls

This file contains randomized and resampled data by product at the 5th-, 10th-, 90th-, and 95th-
percentiles, mean and median; data without randomisation at the minimum and maximum; and
GHG emissions under IPCC AR4 and ARS characterisations. Data are provided under different
functional units: Retail Weight; Nutritional Units (table S2); and food balance sheet equivalent
weights (ref. 129). Sample sizes are provided for each indicator by n = observations and n =
farm/regional inventories, where one observation is a line in the database and can represent
multiple similar farms. This file also includes measures of skew by product, and R?, p-values,

and sample sizes from the regressions in figs. S4, and S5.


https://www.science.org/doi/suppl/10.1126/science.aaq0216/suppl_file/aaq0216_datas1.xls
https://www.science.org/doi/suppl/10.1126/science.aaq0216/suppl_file/aaq0216_datas2.xls
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SUPPLEMENTARY MATERIALS FOR:

Chapter 3: HESTIA: A harmonised way to represent and share agri-environmental

data

Contains:
Supplementary Text

Figs. S15 to S16
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Supplementary Text

Examples of converting data into the HESTIA format

a. Asurvey of Myanmar arable farms

Dataset: 935 farms in the Southern Shan region of Myanmar were surveyed in June-October
2018 (Food Security Policy Project, 2020). The farms cultivated maize and/or pigeon peas,
often using intercropping. 99 enumeration areas were selected based on areas where maize
or pigeon pea cultivation was known to occur, followed by stratification based on the size
of the areas. Data were captured by interviewing farmers and asking them to recall
information about the prior production cycle(s). Further information on survey design is
documented elsewhere (Fang & Belton, 2020). Data items included the township where the
farm was located, the quantities of agricultural inputs (e.g., seeds, fertilizers), input costs,

hours of labour and machinery, quantities produced, and sale prices. Data were stored in an

Excel spreadsheet after removing personally identifying information such as coordinates.

Fig. S15. Photographs from Southern Shan, Myanmar. (A) Intercropping with natural

vegetation in foreground, followed by a row of pigeon peas, followed by maize. (B) Single-
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cropped maize in the foreground and single-cropped pigeon peas in the background. Credit:

Ben Belton.

Conversion:

1. Added a new row below the existing column headers. In this row, we added field names
from the schema.

2. We restructured the dataset so each row represents one Cycle. Cycles where maize and
pigeon peas were intercropped had two Products.

3. The surveyed farms had already been given a unique identifier, and we used these for
site.id and cycle.id. We then linked cycles to the sites they occurred on using
cycle.site.id.

4. Added new columns for the data Source and added bibliographic information to it. Set
this as the defaultSource for all Cycles and Sites.

5. Added the required fields for Cycles and Sites which were not included in the original
spreadsheet. Specifically, we added endDate and functionalUnitMeasure to
the Cycle, and country.name and siteType to the Site.

6. Addedanewcolumncalled site.region.name and matched each of the townships
surveyed with the most specific geographical region in the HESTIA Glossary.

7. For each Input and Product, converted the units to those defined in the Hestia glossary
(e.g., kg), and then expressed them per functional unit defined by the schema (here 1
ha).

8. Requested new Terms were added to the Glossary to allow better representation of the

data (e.g., Family labour,and Hired labour).
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9. Added the Measurement Fallow correction, which represents the number of
years fallow relative to the total rotation period. We calculated this based on the prior
land use averaged across all Sites.

10. Added columns for the data Completeness assessment and filled them in based on the

rules defined at https://hestia.earth/schema/Completeness.

11. Initially we set dataPrivate to true for all nodes, so we could check the data on the
HESTIA platform first without it becoming public. When we were ready to share the

data publicly, we reuploaded with dataPrivate set to false.

Validation: On initial upload to the HESTIA platform, the validation engine detected errors.
Some fields and terms had typos in which were identified and corrected. A full stop symbol
(.) was mistakenly used to mark data as not available, and we changed this to a dash (-)

which represents no data in HESTIA along with blank cells.

Links: Original dataset (xIsx); dataset in HESTIA format (xIsx); dataset on the HESTIA

platform.

b. A nitrogen leaching meta-analysis

Dataset: A meta-analysis consolidated data from 91 studies representing 559 observation
of nitrate and ammonium leaching under cropland (Chapter 2). The Excel file includes

possible covariates of leaching such as rainfall and crop yield.

Conversion: We used the steps as described in example (a), with the following additional

steps. With these steps we were able to represent all of the data in the Excel file.


https://hestia.earth/schema/Completeness
https://cdn.hestia.earth/examples/Food%20Security%20Policy%20Project%20(2020)%20Maize%20and%20pigeon%20peas%20(original).xlsx
https://cdn.hestia.earth/examples/Food%20Secuity%20Policy%20Project%20(2020)%20Multiple%20crops%20(reformatted).xlsx
https://www.hestia.earth/source/dgmtq-a_f_2w
https://www.hestia.earth/source/dgmtq-a_f_2w
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1. To each Source, we only added the title of the article (bibliography.title)
and/or the DOI (bibliography.documentDOT) and let the HESTIA pipeline add
the rest of the bibliographic items automatically from the Mendeley library.

2. Toeach Source, we also added ametaAnalysisBibliography.

3. Inthe meta-analysis, crop yield was expressed as kilograms of dry matter, however in
the HESTIA Glossary, we defined crops to be expressed in kilograms of marketable
weight (e.g., Maize, grain has a default dry matter of 85.8%). Therefore, to each
crop Product we added the Property Dry matter from the Glossary with the value
100%. Adding a Property to a blank node overrides the default Property from the
Glossary.

4. Some fertilizers were controlled release, or included nitrification or urease inhibitors,
and this was specified by adding a Property to the fertilizer.

5. Soil Measurements had defined depth intervals, and these were added using
depthUpper and depthLower.

6. Some Measurements had different Sources to the defaultSource of the Site (e.g.,
a prior study on the same Site may have reported the soil pH), and these were specified
for each Measurement, creating a new source. id if necessary.

7. Emissions have required fields for nethodModel and methodTier. The method or
model used to quantify emissions can change the result and this is a critical field to
record, and we identified the correct methodMode1 in the Glossary for each Emission.
Methods and models can also be broadly grouped by their specificity and

methodTier can take five values and the value for these Emissions is measured.

Validation: The bibliographies for seven studies were not available automatically and these

were entered manually. Some coordinates were identified as being in the wrong country or


https://hestia.earth/schema/Emission#methodTier
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region, and these were corrected (either by referring to the original study if the error was in
the meta-analysis, or by using other site location data in the original study instead if the error
was there). Some more coordinates were identified as erroneous where they did not intersect
with known cropland (according to the MODIS land cover map) and some of these were
corrected but others were accepted based on visual inspection of high-resolution satellite
images. Some estimates of above ground crop residue were automatically identified as too

high, were found to include below ground residue, and these were corrected.

Links: Dataset in HESTIA format (xIsx); dataset on the HESTIA platform.

c. A nitrate leaching experiment with time-series data

Dataset: A study reported results from an experimental field trial in Sweden which assessed
the effects of different fertilization levels and crop rotations on nitrate leaching (Engstrom
et al., 2011). There were two experiments with nine treatments over two years, resulting in
36 Cycles. Leaching data were provided with monthly frequency. Data were presented in

tables and the text.

Conversion: We largely followed the same steps as example (b), with the following
additional steps. With these steps, we were able to represent virtually all of the data in the
study (with the exception of the results of the statistical analyses the authors performed on

the data which are not the focus of the HESTIA data structure).

1. Data for many Measurements, Inputs, and Emissions were provided as arrays where
each value represented the date they occurred on. For upload to HESTIA, arrays can be
created in Excel or csv files by separating each value with a semicolon (e.g.,

0.443;23.461). Arrays of associated dates are added in the dates field using the


https://cdn.hestia.earth/examples/Poore%20and%20Nemecek%20(2018)%20Nitrate%20Leaching%20-%20Reformatted.xlsx
https://www.hestia.earth/source/3kfjccvqpvzb
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ISO 8601 format (e.g., 2004-09;2004-10, which represent September 2004 and
October 2004 respectively). Missing values in arrays can be represented using either a
dash or a blank (e.g., 4;-;8, 4; ; 8).

2. Long term rainfall and temperature data were provided as the total or average for each
month averaged over the period 1961-1990. To represent these data, the startDate
and endDate of the Measurements were specified as 1961 and 1990 respectively.
The monthly rainfall and temperature data were added using an array. Arrays of
associated dates were added in the dates field using the 1SO 8601:2000 format for
dates without a year (e.g., —=-01;--02; . . ., which represent January and February
respectively).

3. The values in some arrays are additive (e.g., monthly rainfall sums to annual rainfall),
whereas others must be averaged (e.g., the average of the monthly temperature is
approximately the average annual temperature). The nitrogen uptake by a plant is an
additive array, which means that the value for each date must be the incremental amount
of uptake compared to the previous date. The uptake data in the study were already in
this format and were entered directly.

4. Some soil measurements were provided per hectare. The Glossary does not allow soil
measurement data per hectare because they are meaningless unless the depth interval
for the Measurement is also provided. Soil total nitrogen measurements in kilograms of
N per hectare in the top 90cm of soil were therefore converted to grams of N per m3 by
multiplying by 1000 (which converts from kilograms to grams) and then dividing by

10,000 * 0.9 (which divides by the volume of soil per hectare).

Validation: Soft validation errors were raised for the twelve rapeseed Cycles

recommending that the crop yield was provided, however these data were not available in
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the study and this error was ignored. Soft validation errors were also raised where soil
texture (“sandy loam”) as provided without a depth interval and based on the article a depth

interval of 0-30cm was assigned, and this was corrected.

Links: Dataset in HESTIA format (xIsx); dataset on the HESTIA platform.

d. Anenvironmental LCA of aquaculture in Peru

Dataset: A study (Avadi et al., 2015) assessed the effects of different feeds on the
environmental impacts of trout (Oncorhynchus mykiss), tilapia (Oreochromis spp.) and
tambaqui (Colossoma macropomum) production in Peru. There was one fish oil and fish

meal production Cycle, seven feed blending Cycles, and eight fish production Cycles.

Conversion: We largely followed the same steps as example (a), with the following
additional steps. With these steps, we were able to represent all of the data provided in the
article the exceptions of six data items that were not clearly defined in the study including

“FCR retained” and “ash digestibility”.

1. We created six Sites, two for feed processing in Chile and Peru, one for the trout cage
systems, one for the tambaqui pond systems, one for the semi-intensive tilapia system,
and one for the intensive tilapia system. Because multiple Sites were surveyed and then
aggregated, we specified the numberOfSites.

2. We added Infrastructure representing the cages or ponds and specified the lifespan of

the Infrastructure.


https://cdn.hestia.earth/examples/Poore%20and%20Nemecek%20(2018)%20Nitrate%20Leaching%20-%20Reformatted.xlsx
https://www.hestia.earth/source/deg06in0op0n

Supplementary Materials for Chapter 3 198

3. We created 16 Cycles, linked them to the Sites, and set the functional unit to
relative. Relative means that the functional unit is defined by the quantity and
units of the Products.

4. For the aquaculture Cycles, we specified the Practice Yield of primary
aquaculture product (liveweight per m2). During validation, this
Practice is automatically recommended for all aquaculture Cycles. This is because Sites
can be of any size (e.g., a country, a region, a field, a part of a field), and while the 1
ha functional unit normalizes for Site size, the relative functional unit does not. By
adding this Practice, the land use of the Cycle is specified.

5. The fish processing Cycle creates two Products: fish oil and fish meal. These Products
are subsequently used as Inputs into the feed blending Cycles. Cycles cannot be directly
linked in HESTIA and must be linked via an Impact Assessment. Therefore, we
therefore created the fish processing Cycle with multiple Products, and then created two
Impact Assessments for the oil and meal.

6. We created the seven feed blending Cycles and added each Input, its quantity, and the
country of origin of each Input. For the fish oil and fish meal, we also linked the Input
to the Impact Assessment. We specified the Product of these Cycles as Concentrate
feed blend. We used Properties to specify the nutrient composition of the blended
feed. We also created seven Impact Assessments for these feed Cycles. The authors
provided substantial data to populate these Impact Assessments (such as GHG
emissions, ecotoxicity, land occupation) and we added these data.

7. We created the eight aquaculture Cycles and added the Inputs and Products. We linked
the Concentrate feed blend Input to the Impact Assessment using

cycle.inputs.0.impactAssessment
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8. The aquaculture Cycles had two Products: fish and excreta. We added them and also
added the split between solid and liquid excreta.

9. Following excretion, microorganisms change the mass and composition of excreta,
creating Emissions such as NH3z and CHa. A share of that excreta is sedimented at the
bottom of the pond and it is often removed and stored in an excreta management system.
Here, microorganisms convert it into a different Product again. To represent the
transformations of excreta, we added Transformation blank nodes to the Cycles.
Specifically, the name of the first Transformation is the first excreta management
system, Excretion into water body, and the Input is Excreta, solid
and liquid, fish/crustaceans (kg N). The second excreta management
system was not specified in the paper, so a generic term was used which was
Liquid/Slurry, and we assumed that the amount sedimented was inputted into that

system.

Validation: The phosphorus excreted was negative in the study, which was raised as a hard
validation error. On inspection of the data the authors were including phosphorus uptake by
the fish from sediment and water as a negative amount in the excreta. This should be entered
as an Input to the fish, but insufficient data were provided to split the excreta from the

uptake, so to resolve this, we simply didn’t add the phosphorus content of the excreta.

Links: Dataset in HESTIA format (xIsx); dataset on the HESTIA platform.

e. An LCA on vegetable oil crushing & refining

Dataset: An study conducted an LCA using information from ~20 vegetable oil processing

facilities in six countries representing ~70% of European vegetable oil production


https://cdn.hestia.earth/examples/Avadi%20et%20al%20(2015).xlsx
https://www.hestia.earth/source/8kf6qjk-orfc
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(Schneider & Finkbeiner, 2013). All data were provided in a pdf report. Data were extracted

from figures using Quintessa Graph Grabber 2.0.2.

Conversion: To upload this study, we began by using the Wizard available in the user

submission dashboard at https://hestia.earth. The Wizard allowed us to structure up the first

few rows of data into the HESTIA format. We then downloaded the Wizard output as a csv

file and finished the process in Excel. A number of additional steps to example (1) were

required for this study.

1.

In the Source, we specified the 1SO14044:2006 reporting requirements for LCAs
including the intended audience of the study, the intended application, the study
reasons, and whether the study was to be used for comparative assertions.

We used the converter in the Wizard — which uses the default Properties of the Terms
—to convert to the correct units specified in the Term (e.g., from mass to volume based).
As with example (4) we used a relative functional unit.

Most of the emissions data were provided as characterised impact indicators (e.g.,
GWP100 in kg CO2eq) and were not broken down into each gas (e.g., CO2). The
characterised impacts also largely related to the production of Inputs. Emissions related
to the production of Inputs, resource uses, and characterised indicators, should generally
be entered in an Impact Assessment node and that Impact Assessment linked should be
linked to the Inputs of the Cycle. However, that would be time consuming for this study,
so we used the shortcut method, added the emissions related to Input production as
Emission to the Cycle, split them out based on the Input they related to, and specified

the input using (emission.inputs.0.term.name, etc.).


https://hestia.earth/
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Validation: TPCC (2006) was stated in the report as a characterisation method for
greenhouse gas emissions, which was detected as an error, and was corrected to TPCC

(2007).

Links: Dataset in HESTIA format (xIsx); dataset on the HESTIA platform.



https://cdn.hestia.earth/examples/Schneider%20and%20Finkbeiner%20(2013).xlsx
https://www.hestia.earth/source/jzsl9i3z08ge
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Original GHG emissions reported by a study as a percentage of the GHG emissions
re-calculated to match the system boundary in Poore Nemecek (2018)

GHG emissions added to align to
Original GHG emissions the sy stem boundary used in
reported by the study Poore & Nemecek (2018)

0.65 kgCQeq 0.28 kgCQeq _

249

5.7% of studies required no correction{

Example:Yan et al (2015), large farms in Jiangsu province
Added Emissions from:

Seed production

Machinery production

Indirect NO emissions from fertilizer

N20 emissions from crop residue

CO, emissions from urea hy droly sis

CH; and N;O emissions from crop residue burning

N20 emissions from organic soil cultivation

Grain drying

125
The median study’s GHG emissions
increased 30% following correction

49 studies’ GHG emissions increased
by over 50% following correction

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
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Fig. S16. The GHG original emissions per kilogram of wheat reported by 249 studies
included in a global meta-analysis of LCAs (Chapter 2) compared to the GHG emissions
following gap-filling and recalculation to match the system boundary of Chapter 2. For
example, Yan et al. (2015) reported farm-stage GHG emissions of 0.65 kg COzeq / kg grain.
Following align to the system boundary in Chapter 2, by including emissions related to seed
production, machinery manufacture, indirect N.O emissions from fertilizer, direct and indirect
N20 emissions from crop residue decomposition, emissions from crop residue burning, N2O
emissions from organic soil cultivation, and emissions from grain drying, farm-stage emissions

increase to 0.93 kg CO.eq / kg dry grain.
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