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Abstract
Agriculture accounts for approximately 10% of global greenhouse gas emissions and is simultaneously
associated with impacts on human health through food consumption, and agricultural air pollutant
emissions. These impacts are often quantiﬁed separately, and there is a lack of modelling tools to
facilitate integrated assessments. This work presents a new model that integrates assessment of
agricultural systems on (i) human health indirectly through dietary, obesity and malnutrition health
risks from food consumption, (ii) human health directly through exposure to air pollutants from
agricultural emissions, and (iii) greenhouse gas emissions. In the model, national food demand is the
starting point from which the livestock and crop production systems that meet this are represented.
The model is applied for 2014–2018 to assess the robustness of the GHG emissions and health burden
results that this integrated modelling framework produces compared to previous studies that have
quantiﬁed these variables independently. Methane and nitrous oxide emissions globally in 2018 were
estimated to be 129 and 4.4 million tonnes, respectively, consistent with previous estimates.
Agricultural systems were also estimated to emit 44 million tonnes of ammonia. An estimated 4.1
million deaths were associated with dietary health risks, 6.0 million with overweight/obesity, and 730
thousand infant deaths from malnutrition, consistent with previous studies. Agricultural air pollutant
emissions were estimated to be associated with 537 thousand premature deaths attributable to ﬁne
particulate matter (PM2.5) exposure, and 184 thousand premature deaths from methane-induced
ground-level ozone. These health impacts provide substantial opportunities to design integrated
strategies that mitigate climate change, and improve human health, and also highlight possible tradeoffs that the expansion of agricultural production could have due to increased emissions. The model
presented here provides for the consistent evaluation of the implications of different agricultural
strategies to meet food demand while minimising human health and climate change impacts.

1. Introduction
Agriculture contributes 10%–12% of global greenhouse gas (GHG) emissions, excluding land-use change
Myhre et al (IPCC 2013). In national commitments to mitigate climate change, 89% of countries included the
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agriculture sector as part of their mitigation component (FAO 2016). However, the majority did not elaborate on
speciﬁc actions to achieve agricultural GHG emission reductions (FAO 2016). Therefore, as countries update
their commitments, there is a substantial opportunity to clarify and strengthen climate change mitigation
through an increased focus on mitigation actions to limit agricultural GHG emissions (Ross et al 2019). One
approach to increasing climate change mitigation ambition is to link to key sustainable development goals
(SDGs) (Linnér et al 2012, Shindell et al 2017). Food consumption and production are linked to a wide range of
SDGs, including indirect impacts on human health through food consumption, e.g. from malnutrition, obesity,
and dietary risk factors (Willett et al 2019, Zagmutt et al 2019), which relate to SDG 2: Zero Hunger and SDG 3:
Good Health and Wellbeing, on human health from air pollutants from agricultural emissions (also SDG 3)
(Lelieveld et al 2015), nitrogen pollution (Fowler et al 2015, San Martín 2020) and deforestation (IPCC 2019a),
which relate to SDG 15: Life on Land.
Previous studies have modelled different impacts of food production and consumption individually. For
example, Murray et al (2020) estimates global health impacts of malnutrition, high body-mass index, and dietary
risk factors. Separately, Lelieveld et al (2015) estimated that 20% of global premature deaths (660 thousand
premature deaths) attributable to ambient air pollution exposure were due to agriculture. However,
methodological differences in the representation of agricultural systems make direct comparisons of the impacts
quantiﬁed challenging. Other studies have developed models that integrate multiple impacts of agricultural
systems, such as diets, health and greenhouse gas emissions. For example, studies have investigated the optimal
average dietary intakes to minimise GHG emissions from agriculture (Willett et al 2019), or have quantiﬁed
health beneﬁts from dietary changes, alongside impacts on GHG emissions (Tilman and Clark 2014,
Springmann et al 2016a, 2016b, 2017, 2018). Other studies, such as Clark et al (2019) have assessed a broader set
of environmental impacts of agricultural systems (greenhouse gas emissions, eutrophication, land use, water
resources), alongside the dietary health impacts. These studies have assessed changes in agricultural systems and
their impacts on health and environmental impacts, in addition to GHG emissions. However, these earlier
integrated agricultural models do not consider some key impacts, speciﬁcally, the health impacts associated with
air pollutants from agricultural emissions, which have been shown to be effective in helping to raise climate
change mitigation ambition (CCAC SNAP 2019).
Due to the beneﬁts of designing integrated strategies that mitigate climate change and improve human health,
and the lack of modelling tools to facilitate the assessment of these strategies, the aim of this paper is to describe an
agricultural system model that for the ﬁrst time integrates assessment of GHG emissions, and air pollutionassociated health impacts, and the malnutrition (infant mortality associated with child stunting and low birth
weight due to maternal malnutrition), high body-mass index (BMI), and dietary health impacts associated with
food consumption. These health outcomes were included because they could be directly linked to widely available
food consumption and production statistics. Other health outcomes associated with food consumption, such as
those attributable to food-borne diseases (WHO 2015), could not be included in the model. The model is applied
to quantify the global health impacts of agricultural production systems and impacts of agricultural production on
climate change through emissions of GHGs and short-lived climate forcers between 2014 and 2018. The objective
of this paper is to develop an integrated modelling framework for GHG emissions, air pollution and dietary,
malnutrition and obesity health impacts from agriculture, and to validate the model by comparing against previous
studies estimating these impacts separately and independently. However, it has the potential to evaluate future
projections of food demand, and the human health and environmental consequences of that production,
facilitating the development of integrated strategies to beneﬁt human health, mitigate climate change and
minimise the environmental impacts of agricultural systems. Demonstrating the consistency of results from the
modelling framework with previous studies will provide the basis for its future application to assess how these
variables could change for different socioeconomic development, and policy trajectories.

2. Methods
2.1. Modelling framework
The overall modelling framework for assessing food consumption and production is shown in ﬁgure 1. The
model is designed for national scale application, and comprises four main modules that characterise different
aspects of agricultural systems, and the emissions associated with them, as well as a health impact assessment
module. Agricultural Demand (section 2.2) quantiﬁes the domestic production of different crops, meat and
dairy products based on the caloriﬁc intake of the average population, and the proportion of that intake that is
met by different products. The Livestock (section 2.3) module characterises the livestock production systems,
herd structure, feed and manure systems to meet demand for meat and dairy products. The Crop Production
(section 2.4) and Pastureland (section 2.5) modules model the crop yield and pastureland productivity based on
the demand for crops, silage and grass, and the nitrogen inputs to crop and pastureland based from manure,
2
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Figure 1. Schematic of modelling framework of agricultural demand, and domestic crop and livestock production systems.

synthetic fertilisers, deposition and nitrogen ﬁxation. These modules also quantify the emissions associated with
fuel consumption for agricultural machinery (section 2.6). The model is open-source, and the source code
available at: https://github.com/chmalle41/aghealth.
Within the four modules characterising agricultural demand, and production, different impacts of the
agricultural systems are characterised. These impacts speciﬁcally include (i) emissions of air pollutants and
greenhouse gases, (ii) human health impacts associated with malnutrition for the proportion of the population
estimated to be undernourished, (iii) human health impacts associated with diets low in fruits, vegetables,
legumes, whole grains, ﬁbre, nuts and seeds, and calcium, and high in red meat, and trans fatty acids, (iv) human
health impacts associated with high body-mass index, and (v) human health impacts associated with air
pollutants from agricultural emissions resulting from agricultural air pollution emissions. The methods
associated with these human health impacts are described in section 2.7.
In this study, the model is used to characterise agricultural health and environmental impacts for historical
years between 2014 and 2018. The years 2014–2018 were selected as the most recent years for which the majority of
variables (described in the following sub-sections) required for the modelling were available, and to provide an
indication of inter-annual variability in the GHG and air pollutant emissions and health impacts. The model has
national-scale resolution, and, consistent with international emission inventory guidelines (IPCC 2006, EMEP/
EEA 2019), emissions assigned to countries are those occurring within national boundaries. Similarly, the health
impacts reported for each country are those health impacts occurring to the population of the country. The model
includes impacts related to emissions and agricultural products produced in the country of interest and other
countries via international trade and the transboundary movement of pollution. For example, for Country X, the
health impacts quantiﬁed include those associated with food consumption (diet, malnutrition, and overweight/
obesity) occurring to the population within Country X (and including health impacts associated with food
consumed in Country X that was produced in Country X, and that was imported to Country X from Country Y).
The health impacts in Country X also include those that result from the exposure of the population of Country X to
air pollutants from agricultural emissions. This exposure, and attributable health burden, includes exposure
resulting from agriculture emissions in Country X, as well as agricultural emissions in Country Y, the latter which
leads to air pollution that is transported via the atmosphere to Country X. The data used in each of the modules for
this application is described in the sub-sections below. The model can also be applied to assess future changes in
agricultural health and environmental impacts through the creation of scenarios that project calorie intake and
demand for agricultural products, and changes in the agricultural production systems over time.
2.2. Agricultural Demand
The agricultural demand module has been adapted from the modelling framework outlined in the Polestar
model (Electris et al 2009). The starting point for modelling demand for different agricultural products (crops,
3
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meat and dairy) is the average caloriﬁc intake of the population (calories per day). The product of average
caloriﬁc intake and the population provides the total energy demand for food for the target country (equation 1).
The proportion of these food (energy) requirements that are met from different crops, meat and dairy products
is then used to calculate the total number of calories of these products that are required to meet the caloriﬁc
demand (equation 2). The disaggregation of crop, meat and dairy products was based on the breakdown
outlined in the FAOStat food balances (faostat.org), and is listed in table 1.
Cal tot = Cal daily ´ Pop. ´ 365

(1)

Where Caltot (kCal y−1) is the total annual calorie intake for a given Population (Pop.) and Caldaily (kCal
person−1 day−1) is the per capita daily calorie consumption.
Cal p = Cal tot ´ Fraccal

(2)

Where Calp (kCal y−1) is the total annual calorie intake for a given Population (Pop.) that is consumed as product
P and Fraccal is the fraction of the average person’s diet that is consumed as Product P.
In order for the total food requirements of a particular product to be translated into the domestic production
of that product (to feed in to the livestock, crop and pasture modules described below), the total calories that are
met by a product were converted into the tonnes required of the product based on the ratio of calories per tonne
of product (equation 3). This domestic consumption of a particular food product was then converted into the
domestic production, accounting for imports of the product, losses, and exports of the product (equation 4). For
crops speciﬁcally, the tonnes of crop required for animal feed (in addition to human consumption) is added to
the domestic production requirements, as an output from the livestock module (see section 2.3 for more details).
The outputs from this module are the tonnes of crop, meat and dairy products required to meet the diet of the
population of the target country.
Cons.p = Cal tot ´ Rp

(3)

Where Cons.p (tonnes y-1) is the total tonnes of Product P consumed in a country annually, and Rprod is the ratio
of calories per tonne of Product P.
Prod p = Cons.P + Ex .P + Loss.P + Feed .P - Im..P

(4)

Where Prod.p (tonnes y-1) is the domestic production of Product P, and Ex.p (tonnes y-1), Loss.p (tonnes y-1),
Feed.p (tonnes y-1), and Im.p (tonnes y-1), are the annual exports, losses, feed requirements and imports of
Product P, respectively.
For the years 2014–2018, the FAO food balances were used to obtain the inputs variables for the agricultural
demand model, speciﬁcally per capita daily calorie consumption, and calories to tonne ratio, exports, imports,
and losses for each agricultural product (http://www.fao.org/faostat/en/#data/FBS). Animal feed
requirements for crops were obtained from the livestock module described in section 2.3 below.
2.3. Livestock production systems
The livestock module is adapted from the FAO Global Livestock Environmental Assessment Model (GLEAM)
(FAO 2018). GLEAM is a model that is designed to quantify the greenhouse gas emissions from livestock
production systems, and has been widely used for greenhouse gas mitigation assessments. However, GLEAM is
designed only to assess the livestock system, including the herd structure, feed requirements and manure
management for different species and livestock systems. Therefore, the modelling framework described in
GLEAM was adapted and modiﬁed to be integrated with the agricultural demand module, and the crop and
pastureland modules included here.
The livestock module includes four animal categories, cattle, sheep/goats, pigs and chickens. The primary
input to the livestock module is the tonnes of meat, dairy and eggs that are required and output from the
agricultural demand module. These inputs are then converted into the total number of animals in each herd
based on the average carcass weight, and offtake rate for meat (equation 5), and the average milk production per
head for dairy (equation 6).
ProdP
Animalss = CW
OR

(5)

where Animalss is the total number of animals of species S in the herd, CW is the carcass weight (tonnes), and OR
is the offtake rate (fraction of total herd culled per year).
4
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Table 1. Breakdown of crop, meat and dairy products used to model
demand and production taken from food energy balance.
Crops

Meat/Dairy

Cereals

Barley and Products
Maize and Products
Millet and Products
Oats
Rice
Rye and Products
Sorghum and Products
Wheat and Products
Other Cereals
Apples and Products
Bananas
Other Citrus
Dates
Other Fruits
Grapefruits and
Products
Grapes
Lemons, Limes and
Products
Oranges, Mandarines
Pineapples and
products
Plantains
Nuts and Products

Fruits

Nuts
Oilcrops

Pulses

Roots

Stimulants

Sugar
Vegetables

Vegoils

Coconuts
Groundnuts
Oilcrops, other
Olives
Rape and Mustard Seed
Sesame Seed
Soyabeans
Beans
Peas
Pulses
Cassava and Products
Potatoes and Products
Other Roots
Sweet Potatoes
Yams
Cocoa Beans and
products
Coffee and Products
Tea
Sugar cane
Sugar beet
Onions
Tomatoes and
Products
Other vegetables
Palm Oil
Palmkernel Oil
Rape and Mustard Oil
Sesameseed Oil
Soyabean Oil
Sunﬂowerseed Oil

Animalsd , s

5

Prod d
Frac d , s
=
MPs

Bovine meat (Cattle)

Dairy (Cattle)

Mutton & Goat Meat
(Sheep/goat)
Other dairy (Sheep/goat)

Pigmeat (Pigs)

Poultry Meat (Chickens
and other poultry birds)

Eggs (Chickens and other
poultry birds)

(6)
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Table 2. Breakdown of livestock management categories and cohorts that livestock are disaggregated into.
Parameter

Cattle

Sheep/goats

Pigs

Chickens

Livestock Management
systems

Mixed

Mixed

Backyard

Backyard

Grassland
Feedlot
Dairy Beef
Adult Females
Adult Males
Replacement Females
Replacement Males
Meat Females
Meat Males
Feedlot Meat Females

Grassland
Feedlot
Dairy Beef
Adult Females
Adult Males
Replacement Females
Replacement Males
Meat Females
Meat Males

Intermediate
Industrial

Layers
Broilers

Adult Females
Adult Males
Replacement Females
Replacement Males
Meat Animals

Adult Females
Adult Males
Replacement Females
Replacement Males
Adult laying females (layers)
Surplus males (backyard)
Surplus females (backyard,
layers)
Meat animals (broilers)

Animals
Cohort

Feedlot Meat Males

Where Animalsd,s is the number of dairy live animals for species S in the herd, Prodd is the total annual domestic
milk production, Fracd,s is the fraction of total milk production produced by species S, and MPs is the annual per
head milk production for species S.
2.3.1. Herd structure
The number of live animals is then combined with other input variables to characterise the structure of the herd
for cattle, sheep/goats, pigs and chickens. The disaggregation of the herd into different management systems,
and cohorts is speciﬁed in table 2, and follows the GLEAM modelling framework. Additional inputs include the
fraction of livestock that are managed in different livestock management systems, male to female ratios, the mass
of animals at different life stages, and death, fertility and replacement rates for each species in the target country.
The fraction of livestock managed from different livestock production systems for each country was calculated
by combining the gridded Global Livestock Production System database which characterises the type of livestock
production system in 0.083 degree grids globally, with gridded global livestock numbers, to estimate the total
number of animals being managed in different livestock systems (Robinson et al 2011). All other input
parameters were regional defaults speciﬁed in the GLEAM modelling documentation (FAO 2018). The outputs
from the herd module are the number of animals in a given year in each cohort for each livestock management
system shown in table 2. Additional outputs include live weights and daily weight gains for replacement animals.
2.3.2. Energy intake and feed
The herd module then feeds into the characterisation of the energy intake and feed requirements of a given
animal herd. The energy intake is calculated separately by cohort, and livestock management system for each
species, following the methodology outlined in GLEAM (FAO 2018). Energy requirements are calculated based
on the net energy required for maintenance (dependent on live weight of animal of particular cohort), activity
(dependent on time spent grazing versus in housing), growth (for replacement and fattening animals), milk
production (for adult female dairy cattle and sheep/goats), pregnancy, and ﬁbre production (sheep/goats). The
total energy required for a particular animal cohort is then converted into the dry matter intake (DMI, kg dry
matter head-1 day-1) based on the digestibility of the feed that the animal cohort is fed.
The composition of the animal feed is the percentage of DMI that is provided as roughages, cereals, by
products, concentrates, or swill (pigs only). In GLEAM, 29 and 42 categories of feed materials are speciﬁed for
cattle/sheep/goats and pigs/chickens, respectively, and the composition of the animal feed is determined based
on crop yield and pasture productivity data. In this study, the model retains the same feed categories. However,
the aim of this model is to explore crop yield and pasture productivity based on demand for crops and grasses
(for human and animal feed). Therefore, the composition of the feed is directly entered in the livestock model as
the percentage of the feed composition that is met by a particular feed product, so the outputs (tonnes of feed
required for each category) can feed in to the crop and pasture modules (sections 2.4 and 2.5).
The composition of the feed for a particular cohort in a particular management system is used ﬁrst to
calculate the average digestibility (%), and gross energy (GE) content of the overall feed (MJ kg DM-1), based on
the individual digestibility and gross energy contents of the individual feed components. These variables are then
used to calculate the DMI of animals in a particular cohort and management system, as described in GLEAM
(FAO 2018). Once the DMI has been determined, the total dry matter feed requirements for each feed group was
calculated as the product of the DMI, number of animals in a cohort and management system, and the fraction
6
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of the overall feed that comes from a particular feed group. For the feed groups that are particular crops/feed
crops, or roughages (grass, legumes etc), the total dry matter required was used as an input to the agricultural
demand, and pastureland modules, respectively (described in sections 2.2 and 2.5). For the feed groups that are
crop residues, the total crop residue requirements were used as input to determine the use of crop residue
produced in the crop production module, and is subtracted from the total residue generated to give the
remaining residue to be allocated between being used for other productive purposes, reintegrated into the soil,
or burned (see section 2.4 for more details).
The DMI was further used to quantify methane emissions from enteric fermentation for cattle, sheep/goats
and pigs based on the IPCC Tier 2 approach outlined in IPCC (2006), and shown in equation 7.

CH4EF , s,c,m

Ym, s, c , m
= Ns, c , m ´ 365 ´ GEs, c , m ´ DMIs, c , m ´ 100
55.65

(7)

Where CH4, EF,s,c,m is the methane emissions from enteric fermentation for species S, cohort C, in management
system M, Ns,c,m is the number of animals of species S, cohort C, in management system M, and Ym,s,c,m is the
percentage of energy in feed converted to methane (calculated from the digestibility of the feed for cattle and
sheep/goats).
2.3.3. Manure production and management
The DMI is then used to determine the mass of manure generated by each animal species, cohort and
management system. In the manure module, ﬁrst, methane emissions are estimated based on the volatile solids
(VS, kg head-1 day-1) excreted by each animal in a particular cohort and management system, which is
determined by the DMI and digestibility of the animal feed. The methane emissions are the estimated using
equation 8, based on Tier 2 methods in IPCC (2006).
CH4Man, s,c,m = Ns, c , m ´ 365 ´ VSs, c , m ´ Bo ´ 0.67
´ å mms (mcf ´ Frac mms, s, c , m)

(8)

where CH4, Man,s,c,m is the methane emissions from manure management for species S, cohort C, in management
system M, Bo (m3 CH4 kg VS-1) is the maximum methane producing capacity for species S, cohort C, in
management system, mcf is the methane correction factor (fraction) for each manure management system, and
Fracmms is the fraction of manure handled within each manure management system for species S, cohort C, in
management system M. The manure management systems are disaggregated based on the manure management
systems included in GLEAM (FAO 2018), and include pasture/grazing, daily spread, solid storage, dry lot, liquid
slurry, anaerobic lagoon, anaerobic digestor, pit storage, composting, burned for fuel, and poultry manure with
litter. The methane correction factors for each manure management system were estimated based on the
methodology outlined in GLEAM (FAO 2018).
The manure module was also used to estimate the nitrogen excreted from animals in each cohort and
management system, to be used as an input to the crop production and pastureland modules described below,
and to estimate the emissions of nitrous oxide (N2O), ammonia (NH3) and nitrogen oxide (NO). The nitrogen
excreted by animals in each cohort and management system was calculated using the methodology outlined in
GLEAM (FAO 2018). First, the nitrogen content of the DMI is calculated based on the nitrogen content of each
feed group, and the contribution of that feed group to the overall DMI. The nitrogen excreted is then calculated
based on the total nitrogen content of the dry matter intake, subtracting the nitrogen that is retained by an
animal in each cohort and management system. The nitrogen retention varies by animal and cohort, and is a
function of milk/egg production, weight gain, and reproduction, and is calculated as outlined in GLEAM
(FAO 2018), and IPCC (2006).
The GLEAM model only estimates methane and N2O emissions from manure management, and does not
quantify air pollutant emissions (NH3, NO), or the manure nitrogen available for application to crop and
pasturelands as fertiliser. To account for these additional aspects of the nitrogen ﬂows within the livestock
manure systems, an alternative methodology based on EMEP/EEA (2019) emission inventory guidebook Tier 2
method was used instead. The total nitrogen excreted for each animal, by cohort and management is used as
input to model the fate of the nitrogen excreted. The model tracks the nitrogen that is excreted and what fraction
is emitted to the atmosphere as N2O, NH3 and NO, what fraction is leached from the system as nitrate (NO3),
and what fraction is available for application on ﬁelds, and used as inputs to the crop production and
pastureland models described below. The nitrogen is tracked as total nitrogen, and as total ammoniacal nitrogen
(TAN) which is used to calculate ammonia emissions from manure management (by default, the fraction of total
N which is TAN is set to 0.6 (EMEP/EEA 2019)). The output from this module used as input to the crop and
pastureland modules described below is the nitrogen available for application to ﬁelds (Napplic, tonnes N y-1),
which is calculated as shown in equation 9.
7
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Napplic = Ndirect + Nstored - NNH 3 storage - NNO storage
- NN 2 storage - NN 2O direct - Nleach

(9)

Where Ndirect is the nitrogen directly applied to ﬁelds (i.e. not stored), Nstored is nitrogen stored, NNH3 storage,
NNO storage, NN2 storage, and NN2O storage are the NH3, NO, N2 and direct N2O emissions from storage of manure,
and Nleach is the mass of nitrogen leached. Equation 9 is applied separately for solid and slurry manure
management systems, and is applied to total nitrogen, and to TAN separately. In addition to the NH3, NO, N2
and direct N2O emissions from solid and slurry storage of manure included in equation 9, the manure module
also quantiﬁes NH3 emissions from handling of manure excreted in yards and housing, and indirect N2O
emissions associated with (i) the NH3 and NO emissions from manure, and (ii) nitrogen leached from the
manure management systems.
As outlined in EMEP/EEA (2019), ﬁrst, the nitrogen excreted in housing, open yards, and while grazing is
calculated, based on user-deﬁned percentages of time that animals in a particular cohort and system spend in
housing, yards and on pasture. For the nitrogen excreted during housing, this is split into the nitrogen (and
TAN) handled as slurry, and as solid, based on the same manure management system fractions used in
equation 8 above). Ammonia emissions from nitrogen excreted on yards and housing (slurry and solid) are then
estimated by multiplying the TAN by ammonia speciﬁc emission factors, as outlined in EMEP/EEA (2019). For
manure excreted in housing that is handled as solid, the N included in bedding is added to the N excreted by
animals, according to EMEP/EEA (2019) methodologies that estimates the N added from straw bedding, based
on the number of animals, the proportion of time spent in housing, and the N content of bedding.
The N (and TAN) that is handled as slurry and solid is then separated based on the proportion of the manure
that is stored before application to ﬁelds (which gives Nstored in equation 9), used to produce biogas, applied
directly onto ﬁelds without storage (Ndirect in equation 9), and burned for fuel (solid only). The fraction of
manure apportioned to each of these uses is input by the user. Emissions of NH3, NO and N2 (NNH3 storage,
NNO storage, NN2 storage) from solid and slurry storage are then calculated by multiplying the TAN stored as slurry/
solid by management speciﬁc emission factors (EMEP/EEA 2019). Direct N2O emissions (NN2O direct) are
calculated by multiplying the total N stored using different manure management systems (those deﬁned for
methane manure emissions above) and management speciﬁc emission factors.
Finally, indirect N2O emissions from volatilisation were calculated by multiplying the N emitted as NH3 and
NO from manure storage by an N2O speciﬁc emission factor. Indirect N2O emissions from N leached from each
manure management system were calculated by multiplying the N stored under each manure management
system by the fraction of N leached from each system, and a N2O-speciﬁc emission factor.
2.4. Crop production
The crop production module takes as input the domestic production of different crops (Prodcrop, shown in
table 1) from the agricultural demand module, and estimates the crop yield (Ycrop, tonnes ha-1) required to
produce the domestic quantify of crop demanded, based on the area harvested for each crop obtained from the
FAOSTAT database (equation 10). The crop production module includes crops for direct human consumption,
as well as feed crops used for animal feed (ﬁgure 1).
Ycrop =

Prodcrop
Landcrop

(10)

In addition to the yield, the outputs from this module include the nitrogen use efﬁciency (NUE, the fraction of
the nitrogen input into the system that is taken up and used by the plant), and the crop residue that is generated.
To model NUE, ﬁve sources of nitrogen inputs are combined to estimate the total nitrogen inputs
(Ninputs, kg N ha-1 y-1), i) biological nitrogen ﬁxation, ii) nitrogen deposition, iii) manure nitrogen, iv) inorganic
nitrogen fertiliser, and v) crop residues from the previous harvest that remain in the ﬁeld and which are
incorporated back into the soil (equation 11).
Ninputs = Nfix + Ndep + Nmanure + Ninorg + Ncr

(11)

The inputs of nitrogen from biological ﬁxation (Nﬁx) was set to 5 kg N ha-1 y-1 for all crops except rice, where
25 kg N ha-1 y-1 was used, based on values assigned in Lassaletta et al (2016). Nitrogen deposition inputs (Ndep)
values were estimated by calculating national crop production-weighted total nitrogen deposition using
2×2.5° global gridded total nitrogen deposition from Geddes et al (2017), which was available for the years
2014–2016, and gridded crop production maps from the Spatial Production Allocation Model (SPAM,
(International Food Policy Research Institute 2019, 2020)). Inputs of nitrogen from manure (Nmanure) were
based on the nitrogen available for application estimated using equation 9. The total manure N (and TAN)
available for application (disaggregated by solid and slurry) was split between the proportion applied to crop
lands, and proportion applied to grasslands (by default 90% was assumed to be applied to crop lands, based on
Lassaletta et al 2016), and divided by the total crop land in the target country to estimate the kg N applied per
8
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hectare per year (assuming the same application rate of manure across all crops). The application rate of
inorganic fertiliser was also calculated by splitting the total inorganic fertiliser applied in each country (obtained
from FAOStat) between crop lands and pasturelands as described in Lassaletta et al (2014). The total inorganic
fertiliser nitrogen applied to crop lands was then divided by the total cropland area to give the synthetic fertiliser
application rate (kg N ha-1 y-1, again assuming the same application rate for all crops). Finally, the N applied
from the incorporation of crop residues back into the soil was based on the N contained within the crop residues
produced during the previous years, subtracting the crop residues that were removed for feed or fuel, or burned
(see below for description of methods for estimating crop residue use).
Ycrop was converted to the crop yield in terms of nitrogen contained in the crop (YNcrop, kg N ha-1 y-1), based
on the proportion of nitrogen contained in each crop (Ncrop) using equations 12, and 13 was used to estimate
NUE.
Ycrop
YNcrop =
(12)
Ncrop
NUEcrop =

YNcrop
Ninputs

(13)

For the model to be able to assess how crop yields could change in response to changes in overall N inputs, the
theoretical maximum yield (ymax, kg N ha-1 y-1) is also calculated using the methodology outlined in Lassaletta
et al (2016, 2014), and shown in equation 14. For future model applications that assess future scenarios with
changing nitrogen inputs equation 14 is rearranged to estimate future crop yields based on a given ymax and
nitrogen input.
ymax =

YNcrop* Ninputs
Ninputs - YNcrop

(14)

The application of manure nitrogen is associated with emissions of NH3, NO and N2O, which are estimated
based on EMEP/EEA (2019) and IPCC (2006) methodologies. For each pollutant, the tonnes of N (for direct
N2O and NO) and TAN (for NH3) applied as solid and slurry are multiplied by pollutant and managementspeciﬁc emission factors (EMEP/EEA (2019) (Tier 2 emission factors by default for NO and NH3, IPCC 2006
Tier 1 default emission factors for N2O). Indirect N2O emissions associated with emissions of NH3 and NO, and
through leaching were also calculated using the same methods as described in section 2.3 for manure storage.
Similarly, for inorganic fertilisers, fertiliser-speciﬁc emission factors for NH3, NO and direct N2O emissions
were combined with the tonnes N applied for each inorganic fertiliser to estimates the quantity of emissions.
Indirect N2O emissions were estimated using the same approach as for manure application.
For each crop, the tonnes of crop residues produced from its production was calculated using the IPCC
(2006) Tier 2 methodology. The tonnes of crop dry matter produced are ﬁrst multiplied by a crop-speciﬁc factor
that converts tonnes crop production to tonnes of above-ground residue biomass. Crop-speciﬁc ratios of aboveto-below ground biomass were used to estimate the tonnes below-ground residue biomass produced. The
tonnes of crop residue produced were then apportioned between different categories, (i) removal for fuel, (ii)
removal for feed, (iii) openly burned in ﬁeld, and (iv) remains in ﬁeld. The tonnes of crop residue removed for
fuel is determined by a user-deﬁned proportion of above-ground residue used for fuel. The tonnes of crop
residue used for feed is obtained directly from the livestock module, as described in section 2.3. The proportion
of the remaining residue (i.e. not removed) which is burned is a user-deﬁned parameter, and was set to 25% of
crop residue remaining in the ﬁeld for regions in Latin America, Africa and Asia, and 0% for Europe and North
America, based on IPCC (2006) and consistent with Yevich et al (2003). Any residue not burned is assumed to be
incorporated back into the soil, and constitutes the Ncr variable in equation 11. For the tonnes of residue
estimated to be burned, emissions of air pollutants (carbon monoxide, nitrogen oxides, sulphur dioxide, volatile
organic compounds, ammonia, PM10, PM2.5, black carbon, organic carbon, and methane) are estimated using
default emission factors outlined in EMEP/EEA (2019).
Methane emissions from rice production were calculated using the IPCC (2019b) Tier 1 methodology,
shown in equation 15, accounting for different water regimes used to produce rice in the target country.
EmisCH 4 =

å (EFw* t w* A w )

(15)

Where EFw is the daily methane emission factor for rice production, t is the cultivation period (days), and A is the
area under cultivation using a particular water management regime w. The emission factor for each water
management regime is calculated by scaling a baseline emission factor by a series of factor representing the type
of water regime before and during the cultivation period, as well as accounting for any organic amendments, as
shown in equation 16.
EFw = EFc * SFw* SFp* SFo

9
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Where EFc is the baseline emission factor for continuously ﬂooded ﬁelds, SFw is the scaling factor for different
water management regimes during the cultivation period, SFp is the scaling factor for the water management
regime before the cultivation period, and SFo is the scaling factor for the organic amendments applied. For EFc,
default regional values from IPCC (2019b) were used, and the default scaling factors for different water regimes
from IPCC (2019b) were also used. For t, the rice growing seasons described in Laborte et al (2017) for different
rice growing areas globally were used. For each country, the average cultivation period was calculated as an areaweighted average of all data points for that country included in Laborte et al (2017). In addition, an area-weighted
average number of growing seasons was calculated for each country from the Laborte et al (2017) rice growing
calendars, and multiplied by the land area used for rice production to reﬂect the total area cultivated across the
year. For those countries not covered in Laborte et al (2017), IPCC (2019b) regional default values of t were used.
The total land area was divided between different water regimes to estimate Aw. Due to limitations in the
availability of global information on the water regimes used for rice production, the total land area used for rice
production was disaggregated into two water regimes, (i) irrigated, and (ii) rainfed and deep water. The Spatial
Production Allocation Model (SPAM) provides globally gridded data on the land area used for the production of
different types of crops (Yu et al 2020). For each country, the total land area used for rice production categorised
as irrigated and as rainfed in the SPAM dataset were summed and used to calculate the percentage of irrigated
and rainfed land used for rice production in each country. This percentage is then applied to Landrice from
equation 10 to estimate the Aw for irrigated and rainfed crops.
2.5. Pasturelands
The productivity of pasturelands was calculated using a similar approach as outlined above for crop production.
First, N inputs to grasslands were estimated using equation 11 (with Ncr set to zero). Biologically ﬁxed N was set
to 5 kg N ha-1 y-1, and N deposition was obtained from the same gridded N deposition dataset as for crop
production. As outlined in section 2.4, for both manure N applied, and inorganic N applied, the total N available
for application from manure and inorganic fertiliser are split based on the user-deﬁned proportion of manure
and inorganic fertiliser applied to crop land and pastures. For the proportion of manure N and inorganic
fertiliser applied to pastureland, these totals were divided by the total pastureland for each country (obtained
from FAOStat). For pasturelands, an additional N input is the manure N applied by animals during grazing. This
is added to the manure N applied to pastureland from storage, and divided by the total pastureland to obtain the
overall kg N ha-1 y-1 from manure applied to pasturelands.
Emissions from the application of manure (applied after storage, and through grazing) were estimated using
the same approach as described in section 2.4. The total N (or TAN for NH3) applied to pasturelands was
multiplied by pollutant (NH3, NO, direct N2O) and management (slurry, solid and grazing)-speciﬁc emission
factors, from EMEP/EEA (2019) and IPCC (2006). For inorganic fertiliser application, the same approach as for
croplands was applied to estimate NH3, NO, direct and indirect N2O emissions from inorganic fertiliser
application to pastures.
The NUE for pastures was then estimated using equation 15, where Ninputs are the tonnes N input, estimated
as described above, and Noutputs are the tonnes N that are produced from the pastureland.
NUEpasture =

Noutputs
Ninputs

(17)

Noutputs are estimated based on the requirements for grass and other roughages from pastureland from the
livestock module described in section 2.3. The tonnes of grass and other roughages required as feed in the
livestock model is multiplied by the nitrogen content to estimate Noutputs.
2.6. On-farm energy consumption
In addition to the emissions described above, on-farm ‘direct’ energy consumption associated with livestock and
crop production is also associated with emissions of greenhouse gases and air pollutants. Sources of energy
consumption on farm include the use of machinery (tractors, harvesters, threshers etc), mechanical pumps for
irrigation, as well as infrastructure development, drying crops, heating and lighting, transport etc In this study,
the emissions associated with fuel (diesel) consumption associated with farm machinery was estimated
according to equation 18, where FCmach is the total diesel consumption for machinery (GJ), LAcrop is the land area
for crop production derived in equation 13, and FH is the per hectare fuel consumption for machinery.
FC mach = LAcrop * FH

(18)

FH was derived for each country by ﬁrst summing the number of agricultural tractors, and harvesters/threshers
included in the FAOStat database for the most recent year available. This number was then multiplied by
regional per unit fuel consumption values for agricultural machinery used in Pellegrini and Fernández (2018).
The total fuel consumption for agricultural machinery for the most recent year in the FAOStat database was then
divided by the total crop area in that year (also from FAOStat), and used in equation 18 to estimate the total fuel
10
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consumption from agricultural machinery that is consistent with the crop production model described in
section 2.4. The total diesel consumed was then multiplied by IPCC (2006), and EMEP/EEA (2019) Tier 1
emission factors for diesel combustion to estimate greenhouse gas and air pollutant emissions from agricultural
machinery, respectively. Other direct, on-farm emissions associated with energy consumption were not
quantiﬁed, such as mechanised irrigation, electricity consumption for heating and lighting, due to lack of data
globally on the energy mixes for different on-farm activities. Arizpe et al (2011) estimated that for the majority of
countries evaluated, machinery fuel consumption was the largest sources of direct on-farm energy consumption
(21 countries were evaluated).
In addition, agricultural activities also demand substantial indirect off-farm energy consumption, that
exceed the on-farm consumption, e.g. for fertiliser production and the processing and distribution of products
(Arizpe et al 2011, FAO 2011, Pellegrini and Fernández 2018). There are substantial sources of emissions
associated with these processes, but are outside the scope of this current work.
2.7. Health impact assessment
Characterising the demand for food, the agricultural system which produces this food, and the emissions of air
pollutants and greenhouse gases that are produced from the livestock, crop and pasturelands in the agricultural
system allows the different impacts that result from both food consumption and impacts from the particular
agricultural systems producing it to be quantiﬁed. The impacts of food consumption that are quantiﬁed using
this modelling framework include the health impacts from particular levels of caloriﬁc intake (i.e. malnutrition
and high body-mass index), described in section 2.7.1, and from particular levels of intake of different types of
foods (section 2.7.2). For the agricultural systems producing this food, the impacts quantiﬁed include the health
impacts attributable to ambient air pollution exposure resulting from agricultural emissions (section 2.7.3).
For the health impacts from all risk factors (malnutrition, high BMI, dietary risks, and air pollution), the
health endpoint quantiﬁed in the model is the number of premature deaths associated with a particular level of
exposure to that risk. The number of premature deaths was calculated by age (a), sex (s), and disease (d) using
equation 19.
DMort =

å ⎛ yo

a , s, d ⎝

a, s , d

*

RR - 1
* popa, s ⎞
RR
⎠

(19)

Where ∆Mort is the change in the number of premature deaths, yo is the baseline mortality rate for disease d, for
sex s, and age group a, pop is the population of sex s, and age group a exposed to a given level of the risk factor,
and RR is the relative risk associated with a particular level of exposure to a risk factor above the minimum risk
exposure level. The population of each sex and age groups were taking from the UN Population Division 2019
revision (United Nations Department of Economic and Social Affairs Population Division, 2019), and the
baseline mortality rates for each disease for each sex and age group were taken from the Global Burden of Disease
2019 study (Abbafati et al 2020). The subsections below detail the speciﬁc diseases, relative risks, and assessment
of exposure to each of the risk factors considered in the health impact assessment.
2.7.1. Health impacts from malnutrition and high body-mass index
The health impacts associated with malnutrition were infant mortality associated with child stunting, and infant
mortality associated with the proportion of low birth weight births that were estimated to be due to intrauterine
growth restriction (IUGR) associated with maternal malnutrition. The average calorie intake was converted into
the proportion of the population undernourished using the method outlined in FAO (2003). Using this method,
a frequency distribution of daily caloriﬁc intakes is developed based on the population average daily caloriﬁc
intake (in FAO (2003) this is deﬁned as the food availability, i.e. food available for consumption, including food
waste), and a coefﬁcient of variation which accounts for variation in household income, and variation in energy
requirements. The component of the coefﬁcient of variation due to household income is calculated as a function
of per capita GDP and Gini coefﬁcient (to represent income inequality), both of which were obtained from
World Bank statistics. The component of the coefﬁcient of variation due to energy requirements was ﬁxed at 0.2,
as outlined in FAO (2003). The frequency distribution constructed from the average daily calorie intake and
coefﬁcient of variation was assumed to be lognormal.
The proportion of the population undernourished is the proportion of the population consuming fewer
than a minimum daily caloriﬁc intake. To account for the variation in demographics across countries, the
minimum daily energy requirement was taken from FAO Food Security Indicators (http://www.fao.org/
economic/ess/ess-fs/ess-fadata/en/#.YCAr1mj7SUk) for each country, and, where speciﬁc country data was
not available, a regional average was calculated and used.
The proportion of the mothers malnourished in each country was assumed to be the same as the overall
proportion of the population malnourished. The methodology outlined in Blössner et al (2005) was then used to
quantify the number of pregnancies that experienced intrauterine growth restriction (IUGR) due to maternal
11
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malnutrition (using a relative risk of 1.8 (1.7–2.0). This value was then applied to overall number of IUGRattributable low birth weight births in the country to estimate the number of low birth weight births attributable
to maternal malnutrition. Finally, the number of neonatal deaths attributable to maternal malnutrition was
estimated applying equation 19 in which pop was the number of IUGR-attributable low birth weights due to
maternal malnutrition, yo was the overall neonatal mortality rate, and RR was 6, representing the increased risk
of death of IUGR low birth weight births compared to a normal weight birth.
For child stunting, the proportion of children (< 5 years old) suffering from moderate (>2 standard
deviations below mean height-for-age) and severe (> 3 standard deviations) stunting was estimated from the
average proportion of the population malnourished based on a model developed by Lloyd et al (2011). This
model incorporates the proportion of the population malnourished, as well as ‘non-food causes’ of
malnutrition, which is derived from per capita GDP and the Gini coefﬁcient for each country. Child mortality
associated with moderate and severe child stunting was estimated using equation 19, in which pop is the
proportion of the population in each country under 5 that are moderately or severely stunted, yo is the all-cause
mortality rate for children under 5 (disaggregated between male and female), and RR is the increased risk of
death for moderately (2.28 (1.91–2.72)) and severely (5.48 (4.62–6.50)) stunted children compared to children
with average height-for-age, taken from Oloﬁn et al (2013). In addition to child stunting, other metrics/risks,
such as child wasting and child underweight have been applied to estimate health impacts from child
malnutrition (Murray et al 2020), and have been shown to have a greater association with child malnutritionattributable mortality. Child stunting was the metric used to quantify child malnutrition health impacts here due
to the availability of a quantitative relationship between the overall proportion of the population malnourished,
and child stunting (see section 3 for a description of the results in comparison to previous child malnutrition
health impacts).
The relationship between the average daily calorie intake and the proportion of the population overweight
(BMI>25 kg m-2) and obese (BMI>30 kg m-2) developed in Springmann et al (2016a) was used to calculate
the number of people in each adult (>25 years) age category in each country that were overweight and obese for a
given average daily calorie intake. The relationship developed by Springmann et al (2016a) was based on a linear
regression of historical national data (1980–2009) on calorie intake and mean BMI globally. The number of
premature deaths associated with high body-mass index were then calculated using the methods outlined in
Murray et al (2020). Equation 19 was applied with yo and RR the baseline mortality rates, and the relative risks
compared to a BMI of 22.5 kg m-2, respectively, for the 37 diseases associated with high body-mass index in
Murray et al (2020).
2.7.2. Health impacts from dietary risks
The number of premature deaths associated with different dietary risk factors were estimated for the proportion
of the population whose average daily intake was below minimum risk exposure levels outlined in GBD 2017
Diet Collaborators (2019) for fruit (250 g day-1), vegetables (360 g day-1), legumes (60 g day-1), and milk
(435 g day-1), and above the minimum risk exposure level for red meat (23 g day-1).
The average daily consumption of fruit, vegetables, legumes, milk and red meat was obtained from
equation 3. The distribution of daily consumption of each food type across the population in each country was
then estimated by ﬁrst developing a distribution of per capita GDP, based on the Gini coefﬁcient of each country.
The frequency distribution of GDP per capita was assumed to be lognormally distributed. The average daily
consumption of each food type was assumed to correspond to the average GDP per capita. At higher and lower
levels of per capita GDP, the average daily consumption of each food type was assumed to vary with the change in
per capita GDP, with an elasticity. Muhammad et al (2017) derived elasticities for different food types for
different regions, based on an analysis across 164 countries. Regional elasticities for each food type were applied
to construct the frequency distribution of daily consumption, to then derive the proportion of the population
whose consumption of each food type was within a certain range.
To characterise both the proportion of the population consuming different food types below (fruit, vegetables,
legumes, milk) or above (red meat) the minimum risk exposure level, and the degree of under or over
consumption, for fruits, vegetables, legumes, , and milk, the range between the minimum exposure risk level, and 0
g day-1, was subdivided into 10 sub-groups (e.g. for fruits, 10 groups with consumptions between
250–225 g day-1, 225–200 g day-1, 200–175 g day-1 K 50–25 g day-1 and 25–0 g day-1). The proportion of the
population with daily average consumption within the range of each sub-group were then calculated. For red meat
consumption, a set of X groups with consumption above the minimum risk level were set up to characterise the
proportion of the population consuming different levels of red meat above the minimum risk level.
The disease categories associated with each dietary risk, and the relative risks (with the exception of red meat)
for each disease, sex, and age category were taken from GBD 2017 Diet Collaborators (2019). This data was then
used by applying equation 19 to estimate the number of premature deaths separately for each of the subgroups,
in combination with the population in each of the subgroups. For red meat consumption, the Global Burden of
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Disease disaggregates the health risks from red meat between two risk factors, i) unprocessed red meat, and ii)
processed meat (which also includes processed white meat). The output from the agricultural model shown in
ﬁgure 1 is the total red meat consumption, and therefore alternative relative risks developed total red meat
consumption (unprocessed and processed) were identiﬁed for compatibility with the data on dietary intakes
available from the model. Yip et al (2018) evaluated available meta-analyses to collate ‘best identiﬁed’ doseresponse relationships between total red meat consumption and different health end points. The relative risks
identiﬁed in Yip et al (2018) for cardiovascular diseases and cancer were applied to quantify the impact of total
red meat consumption on premature mortality.
2.7.3. Ambient air pollution health risks
The heath impacts (Premature mortality) attributable to exposure to ambient air pollution resulting from
agricultural emissions were estimated for exposure to ﬁne particular matter (PM2.5) and ground-level ozone
(O3). Emissions of primary PM2.5 (black carbon and organic carbon), as well as PM2.5-precursors (NOx, SO2,
NH3) from the agriculture sector were converted into population-weighted annual average PM2.5
concentrations by i) gridding national total emissions across the country, and ii) combining emissions with
coefﬁcients from the GEOS-Chem adjoint model that quantify the sensitivity of changes in emissions of PM2.5
and PM2.5-precursor pollutants in 2×2.5° grids globally to national population-weighted PM2.5. For livestock
emissions, i.e. NH3 and NOx emissions from manure management, emissions were gridded separately for each
animal type and management system into 0.083° grids based on the FAO global gridded livestock of the world
(GLW3) dataset (Gilbert et al 2018). Emissions associated with crop production were gridded into 0083° grids
based on the Spatial Production Allocation Model (SPAM, (International Food Policy Research
Institute 2019, 2020)).
GEOS-Chem is a global atmospheric chemistry transport model that simulates the formation and fate of
pollutants globally at a grid resolution of 2◦×2.5◦, with 47 vertical levels (Bey et al 2001). The adjoint of the
GEOS-Chem model calculates the sensitivity of a particular model response metric with respect to an emission
perturbation in any of the global model 2×2.5° grid cells (Henze et al 2007), accounting for all of the
mechanisms related to aerosol formation and fate. These sensitivities are output from the GEOS-Chem adjoint
model as ‘coefﬁcients’, which are then multiplied by emission estimates in each grid to estimate the change in the
particular response metric associated with a given magnitude of emissions. The GEOS-Chem Adjoint model has
been used to calculate, for 169 countries globally, coefﬁcients that quantify the sensitivity of national,
population-weighted PM2.5 concentrations to changes in emissions in 2×2.5° grids globally (see Kuylenstierna
et al (2020) for more details).
The heath impacts attributable to ambient PM2.5 exposure result from the overall total PM2.5 from all
sources. For consistency with existing global total PM2.5-attributable mortality estimates produced by the Global
Burden of Disease (GBD), the population-weighted annual average PM2.5 concentrations for each country was
set to the values used in the GBD 2019 study (Health Effects Institute 2020, Murray et al 2020). The GEOS-Chem
adjoint coefﬁcients were then used to estimate the fraction of the total population-weighted PM2.5
concentration for each country that resulted from agricultural emissions estimated in this study. To do this, the
global gridded emissions from the agriculture sector were aggregated to the same 2×2.5° grids as the adjoint
coefﬁcients. Anthropogenic emissions from non-agricultural sources were taken from the EDGAR emissions
database (Crippa et al 2018), and re-gridded to the same 2×2.5° grids. The product of the gridded PM2.5 and
PM2.5-precursor emissions and the set of coefﬁcients for each country resulted in the estimated annual
population-weighted PM2.5 resulting from agricultural and non-agricultural sources. These values were then
scaled by the ratio of the total population-weighted PM2.5 from the GBD study, and the sum of GEOS-Chem
adjoint-derived population-weighted PM2.5 due to agricultural emissions, non-agricultural anthropogenic
emissions, and natural background PM2.5 concentrations (computed from GEOS-Chem forward model runs),
to provide a consistent estimate of the agricultural contribution to the population-weighted PM2.5
concentrations used to estimate global disease burdens in the GBD 2019 study (Murray et al 2020).
The health impacts attributable to PM2.5 concentrations attributable to agricultural emissions were
estimated for adults over 30 years for chronic obstructive pulmonary disease, ischemic heart disease, ischemic
stroke, lung cancer, and Type 2 diabetes and for children less than 5 years for lower respiratory infections using
equation 19. The relative risk (RR) corresponding to a given magnitude of total PM2.5 exposure was derived from
the Integrated Exposure Response (IER) functions developed for the GBD 2019 study, using the same theoretical
minimum risk exposure level (uniform distribution between 2.4 and 5.9 μg m-3) (Murray et al 2020). The IER
functions integrate results from epidemiological studies of ambient, household and second-hand smoke PM2.5
exposure to derived functions that quantify the relative risk for each disease category across a wide range of
PM2.5 exposures. For each country, equation 19 was applied to estimate the premature mortality attributable to
total PM2.5 exposure, for each disease category. The fraction of national total population-weighted annual PM2.5
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due to agricultural emissions was then used to estimate the fraction of the health burden attributable to
agricultural emissions.
Once emitted, methane is globally mixed and contributes to background ozone. Exposure to ozone is
associated with respiratory and cardiovascular mortality (Turner et al 2016). The contribution of methane
emissions from agriculture to ozone concentrations, and associated respiratory and cardiovascular mortality,
was calculated using results from the UN Environment Programme Global Methane Assessment (UNEP &
CCAC 2021). In that study, a ﬁve model intercomparison was performed to characterize the response of ozone
to methane emissions changes. The health impacts of the ozone changes were then evaluated using 2015
population and baseline mortality data and the exposure-response functions reported in a large epidemiological
study using the American Cancer Society Cancer Prevention Study-II cohort of persons aged 30 years and over
(Turner et al 2016). The ozone metric for which the response of changes in methane was characterised was
national, population-weighted maximum daily 8h average ozone concentration, which is the ozone exposure
metric used in the underlying epidemiological study (Turner et al 2016). These ozone-related impacts were
found to vary nearly linearly with the size of the methane perturbation, so that the results can be interpolated to
the methane emissions estimated for the agriculture sector in this work. However, the gradient of the linear
relationship between methane changes and the ozone exposure metric and associated health impacts, varied
between countries, due to differences in the levels of non-methane ozone precursors in different locations (i.e.
levels of nitrogen oxides, non-methane volatile organic compounds, and carbon monoxide). In this study, the
health burden from global agricultural methane emissions were estimated individually for each country using
the country-speciﬁc linear relationships between methane emissions and ozone health impacts. We use the
multi-model mean as our central estimate, with uncertainties encompassing both those in the physical response
of ozone to methane changes from the multi-model analysis and those inherent in the exposure-response
function. For further details see UNEP & CCAC (2021).

3. Results
3.1. Air pollutant and greenhouse gas emissions from agriculture
In 2018, this study estimated that global agriculture emitted 129 million tonnes of methane, similar to previous
study estimates (table 3, table 4). In the majority of regions, enteric fermentation from cattle contributed over
50% of total methane emissions from the agriculture sector, except east and south-east Asia, where rice
production made the largest contribution (ﬁgure 2). For nitrous oxide, 4.4 million tonnes were emitted globally
in 2018. This is approximately 25% lower than previous estimates (table 3), due to lower emissions from
synthetic fertiliser application, and differences in N2O emissions from manure management, application and
grazing (table 3). FAOSTAT estimates a substantially larger proportion of N2O emissions from grazing animals
than from manure management and subsequent application, likely reﬂecting different assumptions regarding
the types of manure management systems in place globally. The distribution of total N2O emissions across
regions and countries was similar to those shown for methane (ﬁgure 2, emissions of all GHGs and pollutants,
gridded at 0.083° resolution are shown in ﬁgure 3), while the contribution of subsectors varied, with larger
contributions from grazing in Latin America and the Caribbean, and larger contributions of synthetic fertilisers
application in South Asia, and East and South East Asia.
For air pollutants, the 44 million tonnes of ammonia emitted globally in 2018 mostly resulted from manure
management and application. The distribution of ammonia emissions between countries and regions was
similar to methane and N2O (ﬁgure 3), but compared to N2O, there were smaller contributions from grazing and
synthetic fertiliser application (ﬁgure 2). Global ammonia emissions, and their spatial distribution were similar
to previous estimates (table 3, ﬁgure 3). For nitrogen oxides, 8.6 million tonnes (expressed as mass units of NO2),
were emitted in 2018, with synthetic fertiliser application the largest source (table 3; ﬁgure 2). This value is over
50% higher than NOx emissions estimated in EDGAR v5.0 and CEDS, which is consistent with underestimates
in bottom-up inventories compared to total NOx emissions derived from remote-sensing observations
(Elguindi et al 2020, Qu et al 2020). The burning of agricultural residues contributed the majority of the
emissions of other pollutants, including particulate matter, black carbon, and non-methane volatile organic
compounds, with a minor contribution from the diesel consumption from the use of machinery on farms
(table 1). The EDGAR v5.0 inventory estimates higher emissions from agricultural burning compared to this
study, as does the ECLIPSE v5a emissions, (3,848, and 337 kilotonnes of PM2.5 and black carbon emissions in
2010, respectively) (Klimont et al 2017), which could reﬂect differences in the emission factors used for each
pollutant used in ECLIPSE v5a compared to this study.
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Pollutant
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EE

ESEA

LAC

NA

NENA

OCE

RUS

SA

SSA

WE

Global

1606
194
5
0
1805
32
29
12
69
142
791
367
62
245
0
1465
35
50
24
143
0
34

9021
3150
14408
458
27039
240
272
87
107
706
5811
3748
426
742
407
11134
265
459
167
223
387
155

25878
1334
724
246
28183
169
110
402
92
773
2546
1326
1970
446
219
6506
123
191
776
191
199
95

7877
891
0
0
8769
90
81
55
194
421
2702
1033
269
881
0
4885
104
140
106
403
0
73

5506
303
79
0
5889
87
31
47
175
339
1007
285
219
1095
0
2607
53
55
91
364
0
35

2585
73
7
0
2666
1
2
59
19
81
59
23
277
124
0
483
2
3
114
40
0
13

1135
112
19
0
1266
21
16
6
0
42
613
191
29
0
0
833
30
27
11
0
0
35

18551
1152
7529
346
27579
397
104
127
431
1059
3352
453
584
3164
308
7861
199
203
246
895
297
125

15412
979
1976
114
18482
215
99
157
28
500
2213
736
731
119
101
3899
118
185
305
57
91
120

6293
1117
62
0
7472
66
87
57
91
302
2511
1170
269
335
0
4285
70
149
110
190
0
36

93865
9305
24809
1164
129150
1318
831
1010
1206
4365
21606
9331
4837
7151
1034
43959
1000
1461
1949
2506
974
721

285
0
3

1656
941
16

1574
506
10

827
0
7

598
0
4

172
0
1

104
0
4

1965
701
13

876
236
12

554
0
4

8610
2384
73

3
0
1

956
91
7

516
51
4

7
0
3

4
0
1

1
0
1

4
0
1

714
66
5

249
24
5

4
0
2

2458
232
31

BC

Enteric fermentation
Manure management
Rice production
Crop residue burning
Total
Manure management
Manure application
Graze
Synthetic fertiliser
Total
Manure management
Manure application
Graze
Synthetic fertiliser
Crop residue burning
Total
Manure management
Manure application
Graze
Synthetic fertiliser
Crop residue burning
Machinery diesel
consumption
Total
Crop residue burning
Machinery diesel
consumption
Total
Crop residue burning
Machinery diesel
consumption
Total

1

98

55

3

1

1

1

71

30

2

263

NMVOC

Crop residue burning

0

744

172

0

0

0

0

398

106

0

1419

CH4
CH4
CH4
CH4
CH4
N2O
N2O
N2O
N2O
N2O
NH3
NH3
NH3
NH3
NH3
NH3
NOx
NOx
NOx
NOx
NOx
NOx
NOx
PM2.5
PM2.5
PM2.5
BC
BC

Global—FAOStat
(2018)a

Global—EDGAR
v5b (2015)

99942
9864
25348
1049
136203
452
611
2824
2262
6149

105692
12106
36827

Global—CEDS
(2018)c

154625
390

5808
11594

20870

2513* (Urea only)
1415
42115
398

45446
1168

1948

N.E.

5450
3888

5400
N.E.

363

N.E.

3997

N.E.
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Table 3. Emissions of GHGs and air pollutants for FAO regions and globally from different sectors in agricultural sector in 2018 (units: kilotonnes, abbreviations: EE—Eastern Europe, ESEA—East and South East Asia, LAC—Latin
America and the Caribbean, NA—North America, NENA—Near East and North Africa, OCE—Oceania, RUS—Russia, SA—South Asia, WE—Western Europe) and comparison with global datasets.
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Table 3. (Continued.)
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Pollutant

Source

EE

ESEA

LAC

NA

NENA

OCE

RUS

SA

SSA

WE

Global

NMVOC

Machinery diesel
consumption
Total

2

8

5

4

2

1

2

7

6

2

38

2

752

177

4

2

1

2

405

112

2

1458

NMVOC
a
b
c

Global—FAOStat
(2018)a

Global—EDGAR
v5b (2015)

Global—CEDS
(2018)c

http://www.fao.org/faostat/en/#data
https://edgar.jrc.ec.europa.eu/ (Crippa et al 2018)
(McDufﬁe et al 2020, O’Rourke et al 2020)
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Variable
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Agricultural methane emissions (kilotonnes)
Agricultural nitrous oxide emissions (kilotonnes)
Agricultural ammonia emissions (kilotonnes)
Agricultural nitrogen oxides emissions (kilotonnes)
Agricultural PM2.5 emissions (kilotonnes)
Agricultural black carbon emissions (kilotonnes)
Agricultural volatile organic compounds emissions (kilotonnes)
Diet high in total red meat consumption (thousand premature deaths)
Diet low in fruits (thousand premature deaths)
Diet low in legumes (thousand premature deaths)
Diet low in milks (thousand premature deaths)
Diet low in vegetables (thousand premature deaths)
Maternal malnutrition (thousand premature deaths)
Moderate child stunting (thousand premature deaths)
Severe child stunting (thousand premature deaths)
Overweight (thousand premature deaths)
Obese (thousand premature deaths)
Ambient PM2.5 due to agricultural emissions (thousand premature deaths)
Ambient PM2.5 due to agricultural NH3 emissions only (thousand premature deaths)
Ground-level ozone due to agricultural methane emissions (thousand premature deaths)

2014

2015

2016

2017

2018

123,887
4,089
41,443
8,108
2,494
267
1,443
1,337 (1,089–1,585)
1,017 (650.9–1,382)
649.1 (289.1–1,009)
72.2 (36.6–107.8)
787.6 (307.5–1,268)
151
199 (176–243)
485.8 (463.3–503.4)
3,073 (1,575–4,571)
2,357 (1,556–3,158)
524.4 (395.9–652.9)
356.1 (268.8–443.4)
176.1 (75.7–228.9)

124,876
4,221
42,300
8,367
2,528
270
1,448
1,364 (1,109–1,620)
1,025 (654.6–1,394)
668.6 (298–1,039)
74.3 (35.8–112.8)
859.1 (341.4–1,377)
149.7
194.8 (156.6–224.1)
517.6 (494.0–536.5)
3,144 (1,599–4,688)
2,420 (1,592–3,249)
534.1 (402.4–665.8)
356.9 (268.9–444.9)
177.5 (76.3–230.8)

126,912
4,205
42,295
8,309
2,535
270
1,454
1,405 (1,140–1,669)
1,044 (666.6–1,422)
679.5 (303.8–1,055)
76.2 (36.2–116.3)
842.5 (329.3–1,356)
139.9
184.6 (148.0–212.8)
484.0 (461.9–501.4)
3,225 (1,643–4,806)
2,490.3 (1,640–3,341)
522.5 (392.7–652.3)
351.0 (263.8–438.2)
180.4 (77.6–234.5)

128,131
4,357
43,785
8,679
2,649
283
1,509
1,437 (1,167–1,707)
1,033 (660.7–1,406)
660.9 (296.1–1,026)
78.1 (37.0–119.2)
845.9 (331.2–1,361)
137.4
177.0 (141.9–204.1)
452.2 (431.4–468.6)
3,309 (1,686–4,932)
2,563 (1,692–3,433)
529.0 (395.6–662.4)
355.7 (266.0–445.4)
182.2 (78.3–236.9)

129,150
4,365
43,959
8,610
2,458
263
1,458
1,494 (1,215–1,773)
999.6 (643–1,355)
673.2 (301–1,046)
80.7 (38.6–122.8)
872.7 (3,409–1,405)
136.0
170.4 (137.3–197.1)
423.7 (403.7–439.3)
3,405 (1,747–5,064)
2,639 (1,745–3,534)
536.8 (401.1–672.5)
357.7 (267.3–448.1)
183.6 (78.9–238.7)
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Table 4. Summary of global emissions (thousand tonnes), and annual premature mortality attributable to malnutrition, overweight/obesity, dietary and agricultural air pollution between 2014 and 2018.
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Figure 2. Regional emissions of (a) ammonia, (b) methane, and (c) nitrogen oxides (as NO2), and (d) nitrous oxide in 2018 split by
agricultural sub-sector (Regional abbreviations: EE: Eastern Europe; ESEA: East and South East Asia; LAC: Latin America and the
Caribbean; NA: North America; NENA: Near East and North Africa; OCE: Oceania; RUS: Russia; SA: South Asia; SSA: Sub-Saharan
Africa; WE: Western Europe).

3.2. Human health impacts attributable to food and agricultural risk factors
The proportion of the population malnourished in each country in 2018 is shown in ﬁgure 4, and in 2018 was
estimated to be approximately 809 million people, equivalent to 9% of the global population. This value is
similar to the 8.9% of the global population estimated to be undernourished by FAO in 2017 (FAO et al 2020),
which is expected since the FAO (2003) method was utilised in this study. Simultaneously, 43% of the global
population were estimated to be overweight in 2017, and 14% were estimated to be obese, which is consistent
with FAO (2020) that estimated 13.1% of the global population to be obese in 2016. The lowest levels of
overweight and obesity were estimated for sub-Saharan Africa, and the highest levels in North America and
Europe (ﬁgure 4). For dietary risks, 77% and 72% of the global population were estimated to consume below the
minimum risk level of fruits and vegetables, respectively, and 66% of the global population consume more than
the minimum risk level of red meat.
The largest health impact associated with dietary and food consumption risks was high body-mass index
(overweight/obesity), with 3.4 million (overweight) and 2.6 million (obesity) premature deaths estimated for
2018 (table 5), and a 13 and 12% increase, respectively, since 2014 (table 4). The largest fraction of these
premature deaths occurred in East and South-east Asia, followed by South Asia. Dietary risk factors including
consumption of red meat, and diets low in fruits and vegetables contributed the next largest fraction of
premature deaths, and were estimated to contribute to 4.1 million premature deaths in 2018. Different dietary
risk factors made the largest contribution to this health burden in different regions. For example, the largest
health burdens attributable to diets high in total red meat consumption were in Western and Eastern Europe,
North America and East and South East Asia compared to the other dietary health risks (table 5). However, diets
high in red meat made a relatively smaller contribution to dietary health risks in South Asia and Sub-Saharan
Africa, where diets low in fruit and vegetables contributed a much higher fraction of the overall health burden
from dietary risk factors.
The health risks due to malnutrition combined to be attributable to over 700 thousand infant deaths in 2018,
which predominantly occurred in sub-Saharan Africa and South Asia (table 5). This health impact is likely
underestimated, as child stunting is only one metric to quantify child malnutrition. Other metrics, including
child underweight (weight for age), and child wasting (low weight for height) have also been associated with
health burdens. To avoid double counting, only child stunting was quantiﬁed in this analysis, but the Global
Burden of Disease 2019 analysis estimated 1.2 million premature deaths were attributable to ‘Child growth
failure’, which includes all three metrics (Murray et al 2020).
The highest mortality rates (premature deaths per 100,000) associated with the dietary, malnutrition and
overweight/obesity risk factors considered were in Russia and Eastern Europe, followed by the United States and
central Asian countries (ﬁgure 5). The premature deaths estimated for 2018 are generally comparable with those
estimated in previous GBD studies (table 5). Health burdens from red meat consumption in this study were
higher than those in the GBD 2017 and GBD 2019 studies as total red meat was the risk factor considered,
compared to unprocessed red meat in the GBD study (processed red meat is included in the ‘processed meat’ risk
18
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Figure 3. Annual (a) methane, (b) nitrous oxide and (c) ammonia emissions in 2018 in 0.0833° grids globally (units: tonnes per grid).

factor in GBD studies). The impacts on infant deaths attributable to maternal malnutrition are ~9% of the GBD
2019 estimate of the health burden from low birth weight, highlighting that maternal malnutrition is not the
only contributor to infant deaths from low birth weight.
In addition to the dietary health impacts, the agricultural emissions described in section 3.1 were estimated
to contribute between <5% up to 30% of the annual average national population-weighted PM2.5
concentrations, with the largest absolute contribution in China, followed by other South and East Asian
countries (ﬁgure 4). The contribution of the agriculture sector to PM2.5 concentrations was consistent with
previous studies for many regions (Karagulian et al 2017, Li et al 2017, Crippa et al 2019). For some regions, such
as Latin America, and East Asia, the contribution of the agriculture sector to population-weighted PM2.5 was
larger than in these previous studies. This may be due to underestimates in the EDGAR v5.0 emission inventory
of non-agriculture emissions in these regions, which have been shown to be lower than other emission estimates
19
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Figure 4. National malnutrition, and dietary health risks and impacts in 2018, (a) Proportion of population undernourished,
(b) proportion of population overweight, and (c) premature deaths per 100,000 attributable to all malnutrition, and dietary health risk
factors.

in Latin America (Huneeus et al 2020), as well as differences in the representation of the chemical and physical
processing of pollutant in the models used (e.g. Crippa et al (2019) use the TM5-FASST model to assess source
sector contributions, compared to the GEOS-Chem Adjoint model used in this study).
Agricultural emissions were estimated to result in 537 thousand premature deaths in 2018 due to their
contribution to ambient PM2.5 concentration globally (table 5, ﬁgure 6), equivalent to 13% of total premature
deaths attributable to ambient PM2.5 exposure, and an additional 184 thousand premature deaths from the
formation of ground-level ozone from agricultural methane emissions. Both the agricultural PM2.5 and ozone
premature deaths occurred mostly in China and South Asia (table 5), which also had among the highest
premature death rate from air pollution due to agricultural emissions, alongside Eastern European countries
20

Risk
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Diet high in total red meat consumption
Diet low in fruits
Diet low in legumes
Diet low in milks
Diet low in vegetables
Maternal malnutrition
Moderate child stunting
Severe child stunting
Overweight
Obese
Ambient PM2.5 due to agricultural emissions
Ambient PM2.5 due to agricultural NH3 emissions only
Ground-level ozone due to agricultural methane emissions

EE

ESEA

LAC

NA

NENA

OCE

RUS

SA

SSA

WE

Global

GBD 2017

GBD 2019

119.6
79.7
63.9
1.1
25.5
0.0
0.5
0.0
213.2
152.5
13.5
8.8
8.2

640.0
213.5
277.3
58.8
146.6
5.8
11.5
36.0
1233.3
916.8
298.0
262.5
57.7

121.3
45.7
16.0
5.0
106.7
2.1
0.0
48.0
232.6
214.5
27.2
22.3
9.7

185.5
49.9
45.8
0.2
55.6
0.1
1.2
0.0
258.9
241.2
3.2
2.9
10.8

55.2
43.1
62.0
2.4
28.3
3.5
9.1
6.4
265.0
212.3
8.6
5.0
14.0

11.3
5.7
3.6
0.1
5.0
0.0
0.5
0.8
13.0
10.4
0.1
0.0
0.5

105.7
77.0
59.0
1.1
59.8
0.0
0.6
0.0
199.5
142.0
5.6
4.9
6.3

13.1
338.2
59.8
6.6
289.8
59.4
62.7
106.2
517.4
365.0
159.8
36.9
50.3

14.1
95.2
17.6
4.4
83.2
65.0
83.5
226.4
124.8
89.2
4.1
1.4
10.2

228.2
51.6
68.1
1.0
72.2
0.1
0.8
0.0
347.5
295.4
16.8
13.2
15.9

1494 (1215–1773)
999.6 (643–1355)
673.2 (301–1046)
80.7 (38.6–122.8)
872.7 (3409–1,405)
136.0
170.4 (137.3–197.1)
423.7 (403.7–439.3)
3,405 (1,747–5,064)
2,639 (1,745–3,534)
536.8 (401.1–672.5)
357.7 (267.3–448.1)
183.6 (78.9–238.9)

24.8
2423.4
534.8
126.1
1462.4

850.5a
1008.1
1067.1
154.7
508.7
1833.2b
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Table 5. Premature deaths associated with food and agricultural risk factors for FAO regions and globally in 2018 (units: thousand people, abbreviations: EE—Eastern Europe, ESEA—East and South East Asia, LAC—Latin America and the
Caribbean, NA—North America, NENA—Near East and North Africa, OCE—Oceania, RUS—Russia, SA—South Asia, WE—Western Europe).

1212.1c
4683.2d

a

Unprocessed red meat consumption only
Total health burden attributable to low birth weight
c
Premature deaths attributable to Child Growth Failure
d
Premature deaths attributable to high body mass index (i.e. combined overweight and obese)
b
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Figure 5. (a) Absolute, and (b) percentage contribution of agricultural emissions to total annual average population-weighted PM2.5
concentrations globally in 2018.

(ﬁgure 6). The absolute PM2.5 health burden from agricultural emissions estimated in this study is 18% smaller
than those estimated Lelieveld et al (2015) (650 thousand premature deaths in 2010), which may be due to
differences in the categories considered in the agriculture sector, as well as methodological differences such as
the different concentration-response functions used.
Two-thirds of the global health impact attributable to PM2.5 resulting from agricultural emissions was from
agricultural ammonia emissions (358 thousand premature deaths in 2018, 9% of the total PM2.5-attributable
mortality) (table 5). The proportion of agricultural PM2.5 health impacts due to ammonia emissions was highest
in North America (90%), East and South East Asia (88%), Western Europe (79%), and Latin America and the
Caribbean (82%). However, in South Asia, only 23% of PM2.5-attributable premature deaths due to agricultural
emissions were due to ammonia emissions (table 5), with other sources, speciﬁcally agricultural residue burning,
making a larger contribution.

4. Discussion
4.1. Implications for evaluating integrated strategies in the agriculture sector
Agricultural systems play a crucial role in achieving food and nutritional security, as well as in economic growth
and rural development. At the same time, agriculture can also result in a range of environmental impacts, as well
as impacts on human health, indirectly through food consumption (or lack thereof) or directly through the air
pollutant emissions emitted from agricultural activities. These impacts have often been assessed separately. The
modelling framework presented in this work has integrated the assessment of dietary, and air pollution health
risks, with the contribution of the agriculture sector to climate change. When applied to the years 2014–2018,
the model produces broadly comparable results to previous global estimates of GHG emissions, and health
burdens from dietary risks, malnutrition and obesity/overweight that are estimated independently. The ability
22
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Figure 6. (a) National total premature deaths, and (b) premature deaths per 100,000 of the population attributable to ambient PM2.5
exposure resulting from agricultural emissions in 2018.

to integrate assessment of health, air pollution and climate impacts of food production and consumption has
several implications for the evaluation of integrated strategies to mitigate these impacts.
A variety of mitigation actions can reduce the contribution of agriculture to climate change, including
(i) technical measures on-farms such as feed optimisation, improvements to manure management systems,
improving animal husbandry, and intermittent aeration of rice paddy ﬁelds (FAO 2013, Gerber et al 2013),
(ii) shifting diets to reduce consumption of high-GHG emitting foods, such as red meat, and iii) reducing food
waste (FAO 2019). Shifting diets to lower GHG-emitting food products has been linked with additional health
beneﬁts previously (Springmann et al 2016a, 2017, 2018, Clark et al 2019, Willett et al 2019). This study is
consistent with previous studies in estimating a substantial health burden from red meat consumption (1.5
million premature deaths in 2018), highlighting the considerable health beneﬁts that could be achieved
alongside reductions in greenhouse gases from reducing total red meat consumption.
Moreover, this study quantiﬁes the additional health beneﬁts, from reductions in agricultural air pollutant
emissions, achievable from shifting diets, and from other agricultural climate change mitigation strategies that
do not necessarily affect exposure to dietary health risks (i.e. on-farm technical measures and reductions in food
waste). Reductions in methane, in addition to mitigating climate change, will also reduce background surface
ozone concentrations, while reducing ammonia emissions, alongside co-emitted GHGs like N2O from manure
and synthetic fertilisers will also reduce premature deaths associated with PM2.5 exposure. The ~700,000 annual
premature deaths estimated in this study from air pollutants from agricultural emissions may underestimate the
health beneﬁts that could be achieved from agricultural emission reduction strategies. Firstly, non-fatal health
outcomes associated with air pollution exposure, such as asthma incidence and exacerbations (Anenberg et al
2018), and non-fatal cardiovascular diseases (REVIHAAP, 2013), have not been quantiﬁed. Secondly, for some
climate change mitigation actions, additional reduction in air pollutant emissions may occur in other sectors,
which have not been considered in this study. For example, reducing food waste could also avoid methane and
ammonia emissions from the decomposition of organic waste at solid landﬁll sites (Tonini et al 2018). There are
23
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also additional health burdens (and possible beneﬁts) from other dietary risk factors not quantiﬁed in this study,
including diets low in whole grains (GBD 2017 Diet Collaborators, 2019). Finally, other health impacts
associated with food consumption were also not quantiﬁed, such as foodborne diseases, e.g. diarrhoeal disease
agents, which was previously estimated to be associated with approximately 420 thousand premature deaths in
2010 (WHO 2015).
Possible trade-offs are also highlighted between different health and environmental considerations in the
development of agricultural strategies. For example, many, particularly low and middle-income, countries have
developed agricultural strategies that aim to intensify or extensify agricultural production, as one action among many
other options, to alleviate poverty, and increase economic growth (Zimmermann et al 2009, Brüntrup 2011, Kolavalli
et al 2013). Reducing malnutrition and exposure to dietary risks could yield substantial health beneﬁts in reducing
child and adult mortality. However, achieving these beneﬁts could have implications for food production, and
associated impacts. For malnutrition, and associated health impacts, there are a large number of drivers (Gillespie and
van den Bold 2017). Domestic food production systems, included in this modelling framework, can inﬂuence the
prevalence of malnutrition and food availability due to a shortage in the availability of grains or other staples
(FMARD 2016), and from transitions to different food production systems (Gillespie and van den Bold 2017). In
addition, policies to increase food production or change food production systems which are speciﬁcally designed to
improve health and reduce malnutrition have been identiﬁed, including increasing household agricultural
production (Gillespie and van den Bold 2017, Wendt et al 2019), developing more diverse production systems, and
improving the productivity of nutrient dense food products (Headey et al 2012, Gillespie and van den Bold 2017).
However, there are a substantial number of other factors that inﬂuence food availability and the prevalence of
malnutrition, including income levels, non-food expenditures, women’s employment etc (Gillespie and van den
Bold 2017). These factors are not explicitly included in the modelling framework presented in this work, which is
consistent with similar models developed previously to assess the link between agricultural production under
different future climate scenarios and the prevalence of malnutrition (Dawson et al 2016). More detailed conceptual
frameworks have been developed to characterise the links across the wider drivers of malnutrition (Gillespie et al
2012, Headey et al 2012). The application of this modelling framework to assess future scenarios for agricultural
development allows assessment of the consequences of different scenarios on dietary, obesity and malnutrition health
risks, alongside any trade-offs that occur due to intensiﬁcation (e.g. resulting in increased inorganic fertiliser
application, increased livestock numbers etc), extensiﬁcation or other changes to agricultural systems, e.g. to achieve
dietary or health goals. In addition, trade-offs between emissions of GHGs and air pollution from different on-farm
mitigation options (e.g. differential effects of mitigation options for manure management between methane and
nitrous oxide and ammonia emissions, as outlined in Sajeev et al (2018)) can also be assessed.
There are also trade-offs in the quantiﬁcation of health and climate impacts of food production and
consumption in this integrated model, as compared to developing separate and independent estimates of these
indicators. As noted above, the estimated health burdens from dietary health risks and malnutrition are not as
comprehensive as in studies that estimates these impacts in isolation, such as the Global Burden of Disease (GBD
2017 Diet Collaborators 2019). For example, the exposure to speciﬁc dietary risks cannot be estimated directly
from food balances, underestimating the overall health burden from dietary risks. Examples of the dietary risks
which could not be integrated into the modelling framework presented here include those that are associated
with processed foods such as diets high in processed meat, and diets high in sugar sweetened beverages, and diets
low in whole grains, which are not disaggregated in FAO food balances from other food consumption (i.e.
processed and unprocessed red meat, sugar sweetened beverages and other sugar consumption and whole and
reﬁned grains). Finally, for estimation of GHG and air pollutant emissions, the modelling framework presented
here quantiﬁes those emissions that occur due to activities on the farm. Other modelling tools which focus solely
on GHG emissions in the agriculture sector, such as the GLEAM tool (FAO 2018), also provide estimates of
GHG emissions from pre- and post-farm processes, such as fertiliser production.
4.2. Limitations, uncertainties and future development
The ﬁrst limitation of the modelling is that the emissions occurring within national borders are those assigned to
a country. The health impacts, both from dietary and air pollution risk factors, are those occurring to the
national population. The dietary health impacts result from the consumption of foods produced domestically
and those that are imported from other countries. In addition, the agricultural air pollution health impacts for a
population result both from agricultural emissions occurring within the country, and from agricultural
emissions in other countries that are transported in the atmosphere across borders. In this study, the agricultural
GHG and air pollutant emissions associated with the production of food that is imported into a particular
country is accounted for in the emission total for the producer country. This is consistent with international
GHG and air pollution emission accounting and reporting frameworks (IPCC 2006, EMEP/EEA 2019), and
does not affect the estimated emissions or health impacts quantiﬁed for 2014–2018. However, previous studies
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have assessed the impact of global trade on air pollution health impacts (Zhang et al 2017), and future work to
integrate international trade into the modelling framework, would allow the implications of changes in diets in
one country on the GHG and air pollutant emissions (and associated health impacts) in the producer country, to
be quantiﬁed.
In addition, the modelling framework draws its boundary at emission sources on the farm, in contrast to
other models, such as GLEAM, which account for emissions from inputs and post-processing (FAO 2018).
Other food production processes also contribute to emissions, including synthetic fertiliser production, and
post-farm transport, processing, and food waste management (Tonini et al 2018, Walling and
Vaneeckhaute 2020). These emissions are categorised in other source categories in IPCC and EMEP/EEA source
categories, and were therefore not included in this modelling framework (IPCC 2006, EMEP/EEA 2019).
However, their future inclusion in the model would allow the impact of different mitigation strategies on all
emissions impacted by changes in agricultural systems to be assessed.
Other limitations include the estimation of annual air pollutant emissions with no intra-annual
disaggregation. The contribution of agricultural emissions to PM2.5 concentrations varies across the year as
emissions of ammonia and nitrogen oxides from manure management, application and grazing, as well as
synthetic fertiliser application, and emissions from agricultural residue burning have pronounced seasonal
cycles (Pinder et al 2006, Paulot et al 2014, Warner et al 2016, Wang et al 2018). The metric used to quantify
health burdens in this study was the annual average PM2.5 concentration, as long-term PM2.5 exposure is more
comprehensive for quantifying the overall PM2.5 health burden compared to short-term exposure
(REVIHAAP 2013). The impact of different temporal proﬁles of ammonia emissions on PM2.5 concentrations
were assessed across Europe, showing a 12% difference in annual average concentrations for different temporal
proﬁles (Backes et al 2016). This indicates that the temporal proﬁle of agricultural emissions does not introduce
large uncertainties in the overall PM2.5 health burden from long-term exposure. In addition, the assessment of
PM2.5 concentrations and health burdens does not include the contribution of secondary organic aerosol
formation to total annual PM2.5 concentrations, which has been associated with approximately 10% of the
global air pollution health burden (Nault et al 2020).
In addition to the simpliﬁcations made for modelling agricultural systems and impacts on human health and
climate, data and assumptions were extrapolated to develop a global assessment. For some agricultural emissions,
e.g. livestock methane and nitrous oxide emissions, and methane emissions from rice, regional data on the
livestock and rice growing seasons could be used to increase the speciﬁcity of the analysis. However, for other
variables, including ammonia emissions from manure and inorganic fertiliser application, emission factors derived
from the EMEP/EEA (2019) air pollution guidebook were used due to lack of data on local emission factors. This is
consistent with earlier assessments that have used previous iterations of the EMEP/EEA emission inventory
guidebooks to quantify agricultural emissions in regions that lack local data on speciﬁc variables (Castesana et al
2018, Crippa et al 2018). There are a limited number of studies that have assessed the transferability of EMEP/EEA
emission factors to other regions, but a recent study of ammonia emissions from cattle in tropical and subtropical
pastures measured emission factors that were consistent with EMEP/EEA (2019) (Arndt et al 2020).
Due to a lack of country or region-speciﬁc information, in undertaking the health impact assessment for
dietary, obesity, malnutrition and air pollution health risks, dose-response functions developed in studies
conducted in one region were applied to populations in other regions. This assumes that population globally
respond similarly to particular exposures of health risks (e.g. the same magnitude of PM2.5 or ozone air pollution
exposure, or the same level of fruit or meat consumption). The dose-response functions used have been applied
previously to quantify global health risks or are based on international assessments and reviewed that have
identiﬁed the most appropriate global dose-response functions (Murray et al 2020). As studies on different
health risks are conducted in different regions, these dose-response relationships can be updated to reﬂect
regional differences in health responses.

5. Conclusions
Food production and consumption play a key role in climate change and human health through emissions of air
pollutants, and dietary, malnutrition and obesity health impacts. The quantiﬁcation of health beneﬁts associated
with the implementation of climate change mitigation measures has been put forward as a potential factor to
increase climate change mitigation ambition, and to build a broad coalition of support for implementation
(Linnér et al 2012, Shindell et al 2017). This work presents a new model that integrates the assessment of food
consumption-related health risks, with quantiﬁcation of the greenhouse gas emissions, and air pollutant
emissions and health burden associated with food production. The application of this model to 2014–2018
estimates that there are annually approximately 6 million premature deaths associated with high body-mass
index, over 4 million premature deaths associated with dietary health risks, and over 700 thousand infant deaths
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associated with malnutrition. In addition, the emissions of PM2.5-precursor air pollutants, and methane from
agriculture globally is associated with over 700 thousand premature deaths per year. The substantial health
burdens associated with food consumption, in addition to those from emissions during its production on farms
highlights the importance of developing integrated agricultural strategies that consider health and
environmental impacts, and the importance of models that can assess their synergies and trade-offs.
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