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Abstract

Food production today is more global than ever. Food trade ensures
adequate and diverse food even in areas with low self-sufficiency. Foodstuffs
are being traded across the world, but so are agricultural inputs such as
fertilizers, machinery, and pesticides. Shocks and disturbances in the trade
flows of agricultural inputs, caused by e.g. conflict, may be devastating to the
food production and yields of otherwise self-sufficient countries. This aspect
of food security and resilience requires more attention. In this study, we
modelled the effects of agricultural input shocks using global spatial data on
crop yields, fertilizers, machinery and pesticides with random forest, a
machine learning algorithm. We show that the most drastic yield losses are
caused by shocks in one or multiple fertilizers. Areas with the highest crop
yields suffer the most from all agricultural input shocks, while low-yielding
areas are seldom affected. Yield losses in these high-yielding ‘breadbasket’
areas of the world would be detrimental to global food security. Our study
provides important information in high spatial definition to be used in future
discussions on food security and resilience.

Keywords food security, agricultural input, random forest, fertilizers




A

Aalto-yliopisto
Aalto-universitetet
Aalto University

Tekija Aino Ahvo

Tyon nimi Maatalouden tuotantopanosten vaikutus maailman viljelykasvisatoihin

Koulutusohjelma Water and Environmental Engineering

Vastuuopettaja/valvoja Prof. Matti Kummu

Tyon ohjaaja(t) TT Matias Heino ja FT Vilma Sandstrom

Paivamaara 28.04.2022 Sivumaara 51+ 5 Kieli englanti

Tiivistelma

Ruoan tuotanto on kansainvilisempiad kuin koskaan. Tuonti ja vienti
mahdollistavat sen, ettd ruokaa on saatavilla ja se on monipuolista myo6s
niilla alueilla, joilla omavaraisuusaste on alhainen. Maailman ympari kulje-
tetaan ruoan lisaksi myo0s ruoantuotantoon tarvittavia lannoitteita, torjunta-
aineita, koneita ja laitteita. Katkot ja hairiot maatalouden tuotantopanosten
tuontikuljetuksissa voivat olla vahingollisia sellaisten alueiden ruoantuotan-
nolle ja sadoille, jotka ovat muuten omavaraisia. Tahan ruokaturvan ja sen
hairionsietokyvyn ulottuvuuteen on syyta kiinnittdd enemmaéan huomiota.
Tassa tutkimuksessa rakensimme random forest -koneoppimismallin selvit-
tadksemme maatalouden tuotantopanosten tuontikatkosten vaikutuksia sa-
toihin kayttaen viljelysatoja, lannoitteita, maatalouskoneita ja torjunta-ai-
neita koskevia maailmanlaajuisia paikkatietoaineistoja. Tulokset osoittavat,
etta katkokset yhdessa tai useammassa lannoitteessa aiheuttavat suurimmat
satomenetykset. Alueet, joilla sadot ovat suurimpia, karsivat eniten tuotan-
topanosten katkoista, kun taas matalasatoisilla alueilla vaikutuksia ei juuri
ndy. Satomenetykset naissa maailman ”vilja-aitoissa” runtelisivat koko maa-
ilman ruokaturvaa. Tutkimuksemme antaa lisaa tietoa keskusteluun ruoka-
turvasta ja sen kestavyydesta ja hairionsietokyvysta.

Avainsanat ruokaturva, maatalouden tuotantopanos, random forest, lannoitteet
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ALE
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ha

LOESS
mtry

NSE
ntree
OOB

RMSE

accumulated local effects

Food and Agriculture Organization of the United Nations

hectare; 10,000 m2

potassium

locally estimated scatterplot smoothing

number of parameters to split nodes in the random forest algorithm
nitrogen

Nash-Sutcliffe model efficiency

number of trees grown in the random forest algorithm
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1 Introduction

Food is a basic human right (UN, 1948). For this right to be ensured, food
security needs to be improved globally and locally. According to the defini-
tion of FAO, the Food and Agricultural Organization of the United Nations,
food security is achieved when “food is available, accessible, nutritious, and
its supply is stable” (FAO et al., 2015). Climate change and climate extremes,
economic slowdowns and conflicts are recognized as the biggest threats to
and disruptors of global food security (FAO et al., 2021). The capability to
respond and adapt to potential disruptions in any of the aspects of food se-
curity mentioned above is called resilience (Seekell et al., 2017). Many studies
and policy changes to improve resilience have been launched in recent years.

There are two ways to increase resilience related to national and regional
food security: increasing food production and increasing trade (Fader et al.,
2013). Historically, increased food imports have improved food availability
in countries more than increased self-sufficiency (Porkka et al., 2013). Inter-
est in self-sufficiency has, however, grown in recent years (Clapp, 2017) due
to e.g. the food crisis of 2007—2008 and more recently the COVID-19 pan-
demic (Falkendal et al., 2021). Since today’s global food trade network is in-
terconnected and complex, disturbances in some of the nodes can quickly ex-
pand to a global scale as e.g. increased food prices (Puma et al., 2015). The
trade of food that enhances food security and resilience locally and regionally
could reduce resilience on the global scale (Kummu et al., 2020; Seekell et
al., 2017).

Global agricultural trade is not only composed of food stuffs, but also ag-
ricultural inputs that are used to produce the food (e.g. Lehikoinen et al.,
2021). While some countries might be self-sufficient enough in their food
system to handle disturbances or shocks in the food trade flows, the efficiency
of their food production and yield might be influenced by the trade flows of
imported agricultural inputs. The resilience of different countries’ food sys-
tems therefore relies on both aspects (Marchand et al., 2016).

The global agricultural trade system can be disturbed by e.g. natural dis-
asters, trade price fluctuations, export bans, global pandemics and geopolit-
ical tensions (FAO, 2015; Heslin et al., 2020; Puma et al., 2015). These can
all cause sudden changes or shocks in the flows of food and agricultural in-
puts, when trade routes are disconnected on purpose, by a crisis, or by a nat-
ural disaster. One of the identified causes of the 2007—2008 food crisis was
the high price of P fertilizers (up to 800% increase in price), oil and energy.
The high price of fertilizers led to failing crops for developing world farmers,
food-related unrest in many countries and export bans of food and inputs, as
well as increasing government subsidies for fertilizers to combat the price
increase (Chowdhury et al., 2017; Cordell and White, 2011; Vidal, 2008). The
COVID-19 pandemic lockdowns saw interruptions in shipping and transport
logistics and e.g. fertilizer retail store closures due to movement restrictions,
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exposing the fragility of supply chains of food and agricultural inputs (Am-
jath-Babu et al., 2020; Garnett et al., 2020). Post-Brexit UK has seen short-
ages in petroleum and supermarket food, stemming from logistical problems
caused by immigration and movement restrictions. These problems have also
affected agricultural inputs (Harris, 2021). The container ship Evergiven
blocked one of the busiest trade routes on the globe for several days in March
2021. The Suez Canal is an important transport route for many agricultural
inputs and their raw materials, including 30% of the world’s potassium ferti-
lizers (Sainsbury, 2021). Maritime chokepoints around the world present
risks of potential trade route shocks.

The global effects of agricultural input shocks have been studied widely in
economic trade models (Beckman et al., 2020; Haile et al., 2016; Kalkuhl et
al., 2016; O’Hara et al., 2015) that concentrate on the market price fluctua-
tions of crop inputs. In most of these studies, the actual agricultural input
volumes decrease only a few percent even after doubled prices. The “shocks”
are thus mild, as are their effects on yield. In a global data-based article
Mueller et al. (2012), while not studying agricultural input shocks directly,
identify areas of fertilizer overuse where food security could be maintained
with considerably less nutrients. These areas are likely to be resilient to
shocks in agricultural inputs.

Recent national-level studies examine the agricultural input aspect of food
system resilience in more detail. Jansik et al. (2021) report the status of Finn-
ish agricultural input resilience, based on information gathered from stake-
holder interviews. All pesticides and most modern seeds are currently im-
ported to Finland, as is energy (electricity and oil). All these inputs have lim-
ited replaceability in the event of a shock, but vulnerability is reduced by in-
volving multiple suppliers (countries, vendors) for all inputs. Similarly, Lehi-
koinen et al. (2021) study the most important Finnish trade relationships
connected to food security. They find that Finland relies most on imports for
energy, but for other inputs like fertilizers and machinery it is a net exporter,
which increases resilience. Both Jansik et al. (2021) and Lehikoinen et al.
(2021) highlight Finland’s dependency on Russian oil and ammonia. Political
instabilities in the region could affect Finnish food production, as shown by
planned preparations for the effects of sanctions against Russia during the
war in Ukraine (ProAgria, 2022). Nanda et al. (2019) study food security re-
silience in the face of phosphorus scarcity in India using a qualitative frame-
work based on stakeholder engagement and literature. They find that the
most influential factor in India’s low phosphorus resilience is the dependence
on phosphorus imports, followed by a large proportion of small farms, farm-
ers’ low purchasing power and poor soil fertility levels. Targeting these areas
with policy changes would improve resilience considerably. Barbieri et al.
(2021) study global phosphorus resilience by examining different countries’
soil phosphorus reserves, phosphate rock reserves and phosphorus exports.
They find that countries with an economy highly dependent on phosphorus
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rich exports, but low phosphorus soil or rock reserves are most vulnerable to
global shocks in phosphorus. Argentina and Indonesia are examples of such
vulnerable countries.

These studies highlight the effect of agricultural inputs and their trade on
the resilience of different countries, and recognize the risks of agricultural
input shocks for global food security (Kalkuhl et al., 2016; Marchand et al.,
2016). To our knowledge, however, no studies have been conducted on the
effects of agricultural input shocks on crop yields on a global scale. Inspired
by previous national-scale agricultural resilience and input shock studies
mostly based on expert estimates (Jansik et al., 2021; Nanda et al., 2019), we
wanted to take a data-driven approach to find out how shocks in agricultural
inputs would affect different global crop yields. We aimed to study whether
there are areas and/or crops that are especially vulnerable to shocks in agri-
cultural inputs and what the most important inputs in these vulnerable areas
might be. Identifying at-risk areas and crops could benefit further studies on
national and global food security in the face of future global change.
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2 Background

Agricultural food production today is a complex sum of many factors. Differ-
ent kinds of crops require different physical, chemical, biological and anthro-
pological interventions to produce adequate yields. Geography, climate and
soil composition determine the baseline for agricultural production, but with
man-made agricultural inputs, crop yields can be increased. Indeed, modern
population growth in the 20t century was possible only after the invention
of nitrogen fertilizer manufacture. Food production and yields increased
even more dramatically after the Green Revolution, which began in the
1950’s and 60’s when modern agricultural inputs and practices were intro-
duced. These include synthetic fertilizers, pesticides, improved high yield va-
riety seeds, mechanization of farming, and improved irrigation practices
(Evenson and Gollin, 2003; Pingali, 2012).

Despite agrotechnological inventions increasing yields around the globe,
environmental conditions and climate still determine the highest achievable
yields and much of the spatial and temporal differences between yields. Ac-
cording to Lobell and Field (2007), approximately 30% of yield variability
may be explained by climatic characteristics, and Ray et al. (2015) show that
32—39% of global interannual yield variability in maize, rice, wheat and soy-
bean is explained by climate. The effectiveness of different agricultural inputs
is not independent from climate either: modern seed varieties and fertilizers
work best with large rainfall or irrigation, where increases in yield are 40%,
but in hardier or more marginalized environments the yield growth can be
only 10% (Pingali, 2012). The effects of agricultural inputs on yield are not
always straightforward or universal, and many laboratory, field and statisti-
cal analyses have studied their relationships over the years.

2.1 Fertilizers

When crops grow, they assimilate carbon and nutrients into their plant tis-
sue. When a crop is harvested, these nutrients are removed from the ecosys-
tem. Many years of harvesting from the same field will deplete its nutrient
reserves if the soil is not well managed or conserved. Nutrients need to be
replenished in the soil, either through biological nitrogen fixation with suit-
able plants, or by adding manure or commercial nutrients. In historical
small-scale farming, where animal agriculture was practiced together with
farming, manure was easily available to improve nutrient balance in the
fields. Today, crop farming and manure production are often separated by
geography as well as farm specialization, so farms rely heavily on commercial
nitrogen, phosphorus, and potassium fertilizer products (Robertson and Vi-
tousek, 2009). Commercial fertilizer use is more precise and less laborious
because the nutrient content per volume is constant and high. For the same
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amount of nutrients, much more organic fertilizer, such as manure or crop
residues is needed than mineral fertilizers.

Globally it is recognized that increased synthetic and mineral fertilizer use
in the Green Revolution over the years led to increased yields (Conant et al.,
2013). McArthur and McCord (2017) found that yields increased linearly with
fertilizer use from 1961 to 2000 when studying countries individually.

The most important nutrients supplied by fertilizers are nitrogen (N),
phosphorus (P) and potassium (K). Nitrogen is a vital part of any cell struc-
ture in amino acids and proteins. In plants, nitrogen is also important in
chlorophyll and photosynthesis. Nitrogen can be synthetized with the Haber-
Bosch method, discovered in 1909. Phosphorus is an important component
of many organic molecules in plants and animals. Phosphorus fertilizer is
manufactured from phosphate rock, a finite natural resource. Depending on
the author, phosphorus reserves are estimated to be exhausted in the next
50—100 years (Cordell et al., 2009). Potassium is essential in maintaining the
correct osmotic balance in plants and other organisms, as well as functioning
in several enzymes. The correct osmotic balance helps plants transport nu-
trients and is vital in protecting the plant from harsh environmental condi-
tions as well as diseases and pests. Adequate K fertilization also helps plants
to assimilate more N fertilizer (Johnston, 2003).

The share of commercial, mineral, inorganic or synthetic fertilizers of total
agricultural fertilization varies according to the study source and year. For
nitrogen, the inorganic share is estimated to be between 44% and 55.6% in
2000 (Liu et al., 2010; Sheldrick et al., 2002; Smil, 1999; Zhang et al., 2021).
For phosphorus, the inorganic share is between 40% and 64.2% (Liu et al.,
2008; Lun et al., 2018; Sheldrick et al., 2002). The only global estimate of
the share of inorganic potassium is from Sheldrick et al. (2002), 15%, but Liu
et al. (2017) estimate that 43.5% of potassium nutrients in 2010 came from
inorganic fertilizers in China, the largest fertilizer user of the globe.

The consumption and share of inorganic fertilizers also vary between re-
gions (Figure 1). In Africa and South America, the use of inorganic commer-
cial fertilizers is much more limited than in the rest of the world. Asia uses
over 60% of the world’s mineral nitrogen fertilizers (Liu et al., 2010). This
major share of the global mineral nitrogen fertilizer reserves is still only half
of the total nitrogen input in Asia; the rest of the nitrogen comes from ma-
nure and biological fixation.

The exact percentages of inorganic fertilizer use are hard to estimate, but
the consensus is that commercial fertilizers are a vital part of today’s agricul-
ture. They are highly necessary to maintain the food production volumes re-
quired for today’s world population. Erisman et al. (2008) estimate that 44%
of the world population in 2000 was sustained by synthetic nitrogen fertiliz-
ers.
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Figure 1: Fertilizer consumption in different continents in 2000. Nitrogen from (Liu
et al., 2010), phosphorus from (Lun et al., 2018), and potassium from FAOSTAT
(FAO, 2021b). No data was available for non-mineral potassium fertilizer use.

Even though the increase in yields during the Green Revolution was made
possible by the use of mineral and synthetic fertilizers, the exact relationships
between fertilizers and yields are more difficult to study and they depend on
environmental and other factors. Mueller et al. (2017) summarize many ni-
trogen input vs. yield models and find them all to start with a small or zero
intercept, and at low nitrogen input rates yields increase rapidly, but the ef-
fect plateaus at higher input rates. After a certain threshold (different for
each crop and dependent on climate conditions), adding more nitrogen fer-
tilizer does not increase yield as effectively or does not increase it at all. A
similar relationship type is estimated for phosphorus as well as phosphorus
and nitrogen interplay (Frank et al., 1990). Summarizing many decades of
fertilizer studies, Stewart et al. (2005) conclude that the average share of
yield achieved with fertilizers ranges from about 40% to 60% in the USA and
England, with higher values in the tropics.

Timing of fertilizer input is also crucial and can affect nutrient use effi-
ciency i.e. assimilation into the crop (Sinclair and Rufty, 2012). The different
major nutrients also need to be in balance with each other for best possible
results to be achieved.

Many farmers with access to fertilizers and means to purchase them use
more fertilizers than theoretically necessary to “be safe”, which contributes
to global nutrient pollution from leaching farmlands. Ju et al. (2009) show
that in China, nitrogen input is largely excessive, with no changes to yield
even if nitrogen input decreased by 50%. Many studies agree that there are
great regional and geographical differences in nitrogen use efficiency (e.g.
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Mueller et al., 2017; Vitousek et al., 2009), driven by country-specific policies
and management practices (Wuepper et al., 2020). Globally, nitrogen input
practices and fertilizer need are often out of sync (Cassman et al., 2002); de-
veloped countries are able to fertilize an already nutritious soil, whilst in the
developing countries the fertilizers added might not be enough to replenish
the soil nutrient reserves after harvest. Poorly managed crop fertilization
does not increase the crop yield with the full potential of the fertilizers but
increases environmental pollution through nutrient leaching and runoff. Ac-
cording to Lassaletta et al. (2014), more than half of the nitrogen input to
crops (including organic and inorganic nitrogen) is not assimilated to the
crops but lost to the environment.

2.2 Machinery

Machinery and farm mechanization was an important part of the Green
Revolution, freeing human and animal labour from all parts of agriculture:
crop establishment, harvesting, weeding, application of fertilizers and pesti-
cides, but also from post-harvest operations, storage and further processing.
According to Mrema et al. (2014), machinery has several benefits in increas-
ing crop production: the cultivated area can be expanded and the correct tim-
ing of agricultural operations is easier. Furthermore, tractors can be used not
only in crop production directly, but also in e.g. infrastructure improvement
and transportation, indirectly helping to maximize production.

Studies directly linking agricultural machinery and yield are scarce, con-
tradictory, and the effects of machinery are often hard to separate from those
of fertilizers. In the developing countries, increase in machinery coincides
and correlates with increased cereal yields from 1960 to 2000 (Sims et al.,
2016), but the regression is not significant according to McArthur and
McCord (2017). In China, 11.8% of the agricultural output or yield growth
between 1965 and 1989 has been attributed to farm power or machinery (fol-
lowing fertilizers 21.9%, research 19.8% and institutional change 13.8%)
(Mrema et al., 2014). Verma (2006) summarizes many Indian studies on
yield increases and mechanization: farms owning or hiring tractors had 12—
32% higher yields than traditional manual labour farms. In addition, they
show that yields of wheat, rice, sugarcane and potato increase significantly in
farms after tractor purchase. Verma (2006) notes, however, that in many
studies the yield increases could be attributed to better fertilization and irri-
gation, which usually accompany more mechanized farms. Singh (2006)
used multiple linear regression to study the impacts of fertilizers, irrigation
and farm power on yield in Indian farms: they conclude that irrigation con-
tributes most to yield, followed by farm power and then fertilizers (standard-
ized regression coefficients 42%, 32% and 26% respectively).

The studies of the effects of machinery and mechanization on yield have
focused on the transition from human and animal power to machines, mostly
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during the Green Revolution. In developed countries, precision agriculture is
highly mechanized, and larger yields rely more and more on agricultural
technology (Jansik et al., 2021). Agricultural machinery is highly dependent
on skilled experts and specific spare parts for its repair, which in turn are
dependent on trade flow functionality. More studies are needed on the degree
of precision agriculture and its effect on yield.

2.3 Pesticides

FAO defines pesticides as substances used for “repelling, destroying or con-
trolling any pest, or regulating plant growth”. The term “pest” includes in-
sects, plant pathogens, weeds, fungi, molluscs and rodents among others. Ac-
cording to estimates by FAO (2021d), these pests decrease global crop yields
between 20% and 40% each year.

The Green Revolution increases in yield are in part explained by the use
of pesticides (Cooper and Dobson, 2007). Pesticides have allowed for food
production to expand to areas unsuitable without pest control and for some
crops to be planted earlier in otherwise suboptimal conditions, lengthening
the growing period and increasing yields. In addition to quantity increasing,
the quality of crops has also improved in part due to pesticides. Pesticide use
has freed manpower from manual and mechanical weeding and other inten-
sive crop management. Pesticide use has enabled farmers to modify produc-
tion systems and to increase crop productivity without sustaining the higher
losses likely to occur from an increased susceptibility to the damaging effect
of pests (Oerke et al., 2012).

Webster et al. (1999) calculate a 160% to 185% increase in yield due to
pesticide use, and Zhang et al. (2015) show a statistically significant positive
effect of pesticides on rice, cotton and maize production in China. The same
study also finds that pesticides are heavily overused for these crops. Globally,
pesticide use rates vary depending on crop and climate, but also depending
on e.g. farm size. Many studies identify risk-averse behaviour in pesticide
use: farmers are prepared to spray more pesticides to be safe (Jorgensen et
al., 2019). This seems to be the case at least in developed countries; Ghimire
and Woodward (2013) found evidence of over-use of pesticides at high GDP
per capita levels but under-use in low GDP per capita level countries.

Approximately 3 million tonnes of pesticides were used in 2000 globally.
There are geographic differences in pesticide use: Asia uses as much pesti-
cides as the other continents combined (Figure 2) (FAO, 2021c). China, USA,
Brazil and Argentina are the biggest users in absolute tonnes (Maggi et al.,
2019). Global use has been growing steadily through the years.
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Figure 2: Pesticide use in different continents of the world. Data from FAO (2021c).
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3 Material and methods

Global spatial data on crop yields and agricultural inputs was used to con-
struct models with a machine learning method. Effects of climate were ad-
dressed by modelling yields and agricultural inputs in different climate bins.

3.1 Data

Agricultural input and climate bin data was available for 12 crops, that were
thus selected for analysis: barley, cassava, groundnut, maize, millet, potato,
rice, sorghum, soybean, sugarbeet, sugarcane and wheat.

Yield data (tonnes/ha) was sourced from Monfreda et al. (2008). It repre-
sents the average yield between 1997 and 2003, thus minimizing the effect of
interannual yield variability. For production calculations, harvested area (ha)
from the same dataset was used (Table 1).

Fertilizer grid data was acquired from the EarthStat website by request.
Only the mineral part of fertilizer application in Mueller et al. (2012) was
used, as it is affected by trade. Atmospheric deposition or manure-based fer-
tilization was not taken into account in this analysis.

For machinery use, World Bank data from FAO (2021a) was aggregated
across multiple years to an average for each country and transformed into a
raster. If the World Bank data source did not have machinery data for a par-
ticular country, the average of the continent was used. In the case of Sub-
Saharan Africa, the continent average was missing from the original data and
was calculated as an average of those Sub-Saharan countries for which data
was available. The machinery data is not crop-specific, but rather a proxy
measure of the degree of agricultural mechanization used in the area.

Pesticide data from Maggi et al. (2019) consists of application rate data of
the 20 most used pesticides for each crop class. Crop-specific pesticide data
was available for wheat, maize, rice and soybean. For the eight other crops,
the aggregate class Other was used, as classified by Maggi et al. (2019). The
pesticide data was given as high and low estimates, but for our analysis, a
mean estimate was calculated from these. Furthermore, the 20 different pes-
ticide application rates were rescaled by giving the highest application rate of
each pesticide the value 1. The 20 rescaled pesticide grids were then summed
together. This way we were able to decrease the amount of pesticide variables
to just one, while retaining the significance of each individual pesticide.
Straight-forward summing of individual pesticides would have masked the
active ingredients that are only needed in smaller quantities.

We included a statistic for irrigation in our model, as irrigated crops have
higher yields (Lobell et al., 2009). According to Wang et al. (2021), global
irrigated wheat yields are 34% larger than rainfed yields, and irrigated maize
yields are 22% larger than rainfed yields. They also discovered geographic
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and climatic differences in the effect of irrigation on yield: the largest effects
of irrigation on yield increase are found in drier areas like the US Great
Plains, Southern Europe and Northern China. Irrigation also enhances the
effect of fertilization: the same fertilizer input produces higher yields on irri-
gated crops than on non-irrigated, based on empirical studies by e.g. Di Paolo
and Rinaldi (2008) as well as yield modelling results by Mueller et al. (2012).
Even in a situation of agricultural input shocks, the infrastructure for irriga-
tion would remain unchanged and could potentially alleviate the effects of
decreased inputs. Irrigated and rainfed harvested area was sourced from
Portmann et al. (2010), and for our analysis it was transformed to the share
of harvested area under irrigation (%).

Table 1: Spatial datasets used as input for the model.

name unit timeframe notes reference
2000 — Aver-
. age of census i o Monfreda et
Yield kg/ha data between Crop-specific al. (2008)
1997-2003
o Historical Crop-spemﬁc, WorldClim .
Precipitation . calculations data from Fick
R climate data - ..
and mm, °C 1970-2000 modified from  and Hijmans
temperature averaged (Mueller et al., (2017)
2012)
, Tractors/ not crop-spe-
Machinery 100 km?2 1995-2005 cific FAO (2021a)
. Crop-specific,
Fertilizer . . : Mueller et al.
application rate kg/ha 2000 r_nlneral ferti- (2012)
lizer only
Crop-specific
for maize,
Pesticide kg/ha estimation for zﬁZ’v\slﬁZg?an Maggi et al.
application rate year 2015 TR (2019)
classes for
others
Share of har- annual irriga- MIRCA2000
o tion averages - data from
vested area Yo Crop-specific
der irriaati around the Portmann et
unaer irrigation year 2000 al. (2010)

* From Mueller et al. (2012): “Data represents the year 2000 largely as a collection of data
from 1999, 2000. Data for some countries is as old as 1994 or as recent as 2001.”

18



3.2 Methods
3.2.1 Climate bins

To control for the yield variation caused by climate, we divided each crop into
climate zones or bins according to temperature and precipitation in order to
study the variation in yield caused only by the agricultural inputs. For exam-
ple, crops in Finland are compared to crops in similar climate bins in Canada,
Russia and China to capture the relationships between inputs and yield in
their respective climates. The climate bin method has been used successfully
before in global agricultural production analyses (Johnston et al., 2011;
Licker et al., 2010; Mueller et al., 2012). In our study, the climate bin method
is differs from earlier methods with respect to data analysis and research
questions were different: Johnston et al. (2011) and Licker et al. (2010) use
growing degree days (GDD) and the soil moisture index to construct the cli-
mate bins, while Mueller et al. (2012) use GDD and precipitation and divide
the bins by equal harvested area. All earlier climate bin methods discarded
the bottom 5% of observations with the lowest harvested area, but our study
did not. Earlier methods have generated 100 climate bins, we used 25 to have
more datapoints in each climate bin.

In this study, to create climate bins with equal amounts of datapoints,
WorldClim weighted mean temperature and total precipitation 5 arcmin grid
data were used (Fick and Hijmans (2017), Table 1). For each crop area, tem-
perature and precipitation were divided into 5 quantiles to group the crop
area into 25 different climate zones (see example in Figure 3).

Climate bins

temperature —

1 2 e 4‘&_‘1

J

precipitation ——s

Figure 3: Calculated climate bins for wheat. Each climate bin represents an area
with similar temperature and precipitation characteristics.
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3.2.2 Random forest regression

Following division into climate bins, preliminary examination of the agricul-
tural input data revealed that the relationship between that data and with
crop yields was not linear, and that the different inputs correlated together
(e.g areas with high fertilizer input also have high pesticide input). A machine
learning approach was thus selected, as it can handle non-linear relation-
ships and predictor interactions and is able to process many different types
of datasets with minimal intervention (Leng and Hall, 2020).

Random forest (Breiman, 2001) is a machine learning algorithm based on
classification and regression trees (Breiman et al., 2017) with some special
modifications. Firstly, the tree is constructed with bootstrapped data, i.e. a
random subset of the data with resampling. Within each node of the tree, a
defined number of randomly selected parameters is used to split the node so
that the weighted variance is minimized. Hundreds or even thousands of
trees are constructed like this, making them uncorrelated and preventing
overfitting (i.e. fitting the model too well to the training data without learning
any general relationships). The final output of the random forest regression
is the average of all the output values of the individual uncorrelated trees in
the forest. Random forest can be adjusted with different hyperparameter val-
ues (Probst et al., 2019). A larger number of trees grown (ntree) improves the
accuracy of the random forest but increases the required computing power.
The number of parameters used to split the node (mtry) is usually set to p/3
in case of regression, where p is the number of variables in the model. The
third hyperparameter value is nodesize which is the minimum number of ob-
servations remaining in the tree’s terminal (leaf) node. The default value for
regression trees is 5. Smaller nodesize values lead to deeper trees, because
more nodes are needed to reach the small terminal nodes. The random forest
default values have been shown to produce good results (Fernandez-Delgado
et al., 2014).

As random forest is essentially a black box model, some specialized
analyses are needed to distinguish the effect of different parameters on the
forest result. For our model, we used accumulated local effects or ALE plots
to analyze model behaviour (Apley and Zhu, 2020; Zhao and Hastie, 2021).
In ALE, different variable effects are separated from their combined effects
by calculating differences in model predictions when changing the parameter
at certain intervals. The ALE score is the parameter effect in relation to the
average of the model.

In the past, random forest has been used for yield predictions with smaller
scale climate, irrigation and satellite data (Chlingaryan et al., 2018; Evering-
ham et al., 2016; Fukuda et al., 2013; Johnson et al., 2016; Newlands et al.,
2014). It has also been used in agricultural modelling to help select the
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important variables for constructing another type of model (Tulbure et al.,
2012).

Jeong et al. (2016) study the random forest algorithm in global yield pre-
dictions in comparison with multiple linear regression. They find that in
global wheat yield prediction as well as smaller scale maize and potato yield
prediction, random forests outperform multiple linear regression in predic-
tion accuracy. However, Jeong et al. (2016) uses mostly meteorological and
geophysical variables and only one agricultural input (nitrogen). In predict-
ing yield variability in time and space, Feng et al. (2018) and Leng and Hall
(2020) also find that random forest performs better than regression or pro-
cess-based models, but they only use climate data. To our knowledge, no ran-
dom forest analyses have been done with only global, trade-dependent agri-
cultural input data.

With the modelling method selected and data pre-processed, the random
forest models for each of the 12 crops and their 25 climate bins were con-
structed. The agricultural input and yield data were assigned into their re-
spective climate bins and transformed into dataframes, where each row con-
sisted of a 5 arcmin grid cell and all its agricultural input and yield data.

Random forest regression was performed with R package randomforest
(Liaw and Wiener, 2002) on each climate bin individually. To minimize over-
fitting and spatial autocorrelation, the data in each climate bin was divided
into 60 arcmin grids, that were randomly assigned to training and testing
data (75% and 25%, respectively).

The training data was used to construct the forest with hyperparameter
values mtry = 2, ntree = 1000 and nodesize = 5. Default hyperparameter val-
ues were used for all forests for all crops, as preliminary testing with hyperpa-
rameter tuning showed little or no improvement to model performances.

Model performance was visualized and measured by comparing the model
predictions of the testing data to the known original yields, and root mean
square error (RMSE) and Nash-Sutcliffe model efficiency (NSE) values were
calculated. RMSE-scores of the different crop models are relative to the av-
erage yields, which can vary considerably between crops. Another way to ex-
amine model performance in a more standardized manner is the Nash-Sut-
cliffe model efficiency score, which varies between -« and 1, 1 describing a
perfect model and values <0 describing a model that has the same predicta-
bility as a mean value. Values between 0 and 1 indicate an acceptable perfor-
mance (Moriasi et al., 2007).

In addition, the random forest algorithm performs similar validation by
using the Out-of-Bag (OOB) data, i.e. data that is left out by the algorithm
when bootstrapping the data for different trees in the random forest. The
OOB and test data validation processes can be used to investigate the possible
overfitting of the model. If the OOB validation scores are significantly better
than the test data validation scores, the model may be overfitted to the orig-
inal training data. Yield modelling with machine learning does not yet have

21



established metrics for evaluating models, but we are using the same meth-
ods as Jeong et al. (2016).

The constructed forest was then used to predict different agricultural in-
put shock scenario effects on crop yield. The scenarios tested were individual
input shocks (N-rate shock, P-rate shock, K-rate shock, machinery shock,
pesticide shock), shock to all fertilizers, and shock to all inputs. Three degrees
of shock severity were used for each scenario: 25%, 50% and 75% decreases
in scenario inputs.

For each bin, forest construction and scenario prediction were iterated 50
times with results saved from each iteration. We were thus able to calculate
prediction variances between iterations, improving the estimation of model
stability (Leng and Hall, 2020).

All analyses and calculations were performed using R software version
4.0.4 (R Core Team, 2021) using R Studio. The code is available in github:
https://github.com/ahvoa/shock pub
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4 Results

4.1 Model evaluation

We evaluated the random forest models by comparing the trained model with
the test data. Figure 4 presents the root mean square errors (RMSE) of each
climate bin for wheat, calculated with the OOB method (leaving out data
when constructing the model with training data) and manually comparing
with the test data. The RMSE-scores are not significantly different in the
training and the testing data.

O0B RMSE test RMSE

1.00
0.75

0.50

0.25

temperature ———

0.00

precipitaton ——

Figure 4. Wheat model RMSE (root mean square error) scores calculated while
training the model (OOB RMSE) and with the test data (test RMSE). A lower score
denotes less error and thus a better model.

Because RMSE-scores are calculated relative to the average yield of crops,
a more objective indicator of model performance, NSE, was calculated. For
most of the crops and climate bins, the NSE-scores are above 0.65 (Figure 5),
indicating that the models have good (NSE > 0.65) or very good (NSE > 0.75)
simulation results and predicting power (Moriasi et al., 2007). The scores for
sugarbeet seem to be especially high, while cassava and groundnut climate
bins 1—4 have very poor scores. Scenario predictions from these poorly
scored climate bins were examined with caution.
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Figure 5: NSE (Nash-Sutcliffe model efficiency) scores for all crops. A score above
0.5 denotes a satisfactory model, above 0.65 a good model and above 0.75 a very

good model.

Model validation was further studied by plotting observed and modelled
yields from the testing dataset that was left out when constructing the model
(Figure 6). Visual inspection reveals that in many models, the linear regres-
sion line of the observed vs. modelled yield follows the 1:1 red line quite well.
The deviations suggest that lower yields are predicted to be slightly higher
than their observed values, whilst higher yields are slightly lower in the pre-
diction than observed.
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Figure 6: Wheat validation scatterplots comparing the observed (x-axis) and mod-
elled (y-axis) yields from the test dataset. The red diagonal line denotes the 1:1-line
where modelled yields would be identical to original yields. The blue line represents
linear regression between the observed and modelled yields.

4.2 Model behaviour

Model behaviours, i.e. the relationships of each parameter to yield, were
studied using accumulated local effects (ALE) plots. The differences between
model iterations in each bin were inspected visually (Figure 7). The plots
show what the effect of each parameter with different input rates is compared
to the average prediction. For example, for a machinery rate above 500 trac-
tors/kmz2, the predicted yield is 1 kg/ha higher than the average prediction.
There is some deviation in ALE-scores between different iterations of the
model, especially for fertilizers and machinery. This group of ALE plots is
very representative of the other crops and climate bins: usually the ALE-
scores of pesticides and irrigation are very limited and they have little
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deviation between iterations. Fertilizers and machinery have more variability
in their effects on the model. For this particular wheat climate bin 10, the
high N-rate, K-rate and machinery have a positive effect on the yield. In the
agricultural input shock scenarios, it could be expected that these inputs are
also critical.

N-rate P-rate K-rate
2 2 2
1 1 1
0 0 0
-1 -1 -1
) 0 100 200 0 50 100 150 0 50 100 150
3 (kg/ha) (kg/ha) (kg/ha)
l’.?
H machinery pesticides irrigation
< 2 2 2
1 1 1
0 0 0
-1 -1 -1
0 2000 4000 6000 0 2 4 6 8 0 25 50 75 100
(tractors/kmz2) (rescaled sum) (%)
input

Figure 7: ALE-plot (Accumulated Local Effects) for wheat climate bin 10. Each grey
line represents the ALE-results of one model iteration.

The iteration ALE-plots from each wheat climate were summarized into
one climate bin ALE-score line with LOESS (locally estimated scatterplot
smoothing, Cleveland and Devlin (1988)) and the results for the whole crop
is presented (Figure 8). For N-rate, P-rate and irrigation, the ALE-plots in
each climate bin are quite similar. For the other inputs the effects of the pa-
rameter rate on yield differ more between climate bins. Figure 8 plots also
reveal that the agricultural input rates are not distributed equally between
climate bins; some bins do not have the highest input rates.
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Figure 8: LOESS-smoothed ALE-scores for each climatebin for wheat. The colours
represent each climate bin as in Figure 3.

4.3 Scenarios

The random forest models constructed from agricultural input and yield data
were used to predict yield changes in agricultural input shock scenarios for
each climate bin individually. Figure 9 presents the results for all different
shock scenarios for wheat bin 10. The results here, and the typical result from
most scenarios in all crops and climate bins, were that after a shock in agri-
cultural inputs, the areas with the highest original yields suffered the most.
In the N-rate shock scenario, when the original yield is high (x-axis), the
shock yield is smaller (y-axis). If the original yield is smaller, the shock yield
stays the same or may even increase: the points are on the red line or above
it. Additionally, larger input shock scenarios decrease the yields more: 75%
input shock plots have the lowest shock yields.

Some shock scenarios do not seem to decrease the yields very much. In
Figure 9, only shocks in the N-rate, K-rate and machinery show declines in
yields, as well as a fertilizer shock and a shock in all inputs. N-rate, K-rate
and machinery were also shown to be influential for this model in the ALE-
plots in Figure 7 Similar responses are seen in all crops, with the significant
shock scenarios varying between crops and climate bins.
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When exploring the 50% N-input scenario (Fig. 10) we found that yield
decreases were induced in e.g. Central Europe, the eastern parts of North
America and some locations in Southern Africa, China and India. On the
other hand, a shock in all inputs simultaneously decreases yield more and in
more locations, as seen in Fig. 11. The areas affected are larger and the yield
decreases deeper than in a single input shock scenario.

50% N-rate shock, wheat
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Figure 10: Yield decrease of wheat after a 50% shock in N-input. The map only
highlights the yield decreases and omits yield increases.

No one geographical area has large declines in all crops, but in some areas
yields decreases can be seen for a few different crops (Figure 11). The yields
of barley, maize, potato and wheat all decrease heavily in Western United
States. Barley, maize, millet, potato, sorghum and soybean yields all decrease
in Northern Argentina. Barley, maize, potato, wheat and to some extent sug-
arbeet also see large yield decreases in Central Europe: France, Germany and
the UK.
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Figure 11: Yield decreases in all crops after a 50% shock in all inputs. The maps
only highlight the yield decreases and omit yield increases.
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To study the results more in relation to each climate bin, scenario results
of all climate bins of a crop were aggregated, focusing on yield decreases (Fig-
ure 12). Crop-wide it is confirmed again that a higher shock degree causes
more yield decline. There are differences between the climate bins in the
shocks they are susceptible to; climate bins 9—13 seem to respond heavily to
N shock. Most climate bins experience yield decrease in a larger area when
all inputs have a shock and in many climate bins the fertilizer shock effect is
the same as the effect of a shock in all inputs. There are some climate bins,
such as 21—25, that do not see a huge yield decrease area share with any shock
type. A P-rate shock or a pesticide shock seems to have little effect in some of
the climate bins of wheat, even at 75%.

While Figure 12 shows how the area of the yield decrease changed with
different shocks, Figure 13 shows how deep the yield decrease is in each cli-
mate bin. The depth of the yield decline does not change as drastically as the
area of decline in the previous figure. The average yield declines are around
-25% of the original yield, and a little more for the fertilizer shock scenario
and the all input shock scenario.

However, for some climate bins, the agricultural input shock does not in-
crease the area of yield decline, but rather the depth: instead of decreasing
the yield in more cells, the shock induces deeper yield decreases. An example
in the wheat crop is climate bin 1, where the area of yield decline does not
increase between shocks or shock degrees (Figure 12), but the depth of the
yield decline increases for a 75% fertilizer shock and a shock all (Figure 13).

wheat, cells where yield decline was more than 10%

25%
' ' ' ' ]
5 10 15 20 25

Figure 12: Wheat shock tile plots. Each tile represents the share of the respective
climate bin’s cells where yield decline after the shock was greater than 10% from
the original yield.
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wheat, mean yield decline of bin cells where yield decline was more than 10%
25% 50 % 75 %

shock all average yield
decline < -10%
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Figure 13: Mean yield decline of bin cells where yield decline was more than 10%.
The colour of the tile reflects the average yield decline of all the cells where decline
was greater than 10% of the original yield (note the different colour scale). Tile plots
for other studied crops can be found in the Supplementary Material.
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There are similarities and differences between the crops and their climate
bins in their yield decrease responses to the different shock scenarios (see
Supplementary Fig. A 1). For many crops, the shock in pesticide inputs has
little effect on yield decrease. For most crops, shock yield decreases are sim-
ilar with a shock in all fertilizers and a shock in all inputs, emphasizing the
importance of fertilizers.

Over all 12 crops, there is no trend detected in the shock-induced yield
decline related to the climate bin variables. In individual crops, some clus-
tering of heavily affected bins can be seen (Supplementary Fig. A 2—A 3), but
in general agricultural input shock effects are not concentrated in particular
climate types.

To better study the differences between crops and to compare our results
to existing literature, scenario results were converted from yields to produc-
tion volumes. Shock scenario effects on production were calculated by mul-
tiplying all shock yields (t/ha) with their harvested area (ha) and comparing
to the original production (Figure 14). These calculations did not focus on the
yield decreases but included all predicted shock yields. The different shock
percentages have a different effect on the production decrease, which does
not necessarily reflect the rate of increase in the shock: for wheat, a 25%
shock in all inputs decreases production by 15%, but a 50% shock decreases
production by 20%.
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Figure 14: The effects of the different shock scenarios on global production (pro-
duction = yield * harvested area). The different shades indicate the effect of different
shock percentages.

The crop most affected in global production by a shock in all agricultural
inputs is maize, where production declines over 50% with a 75% shock in all
agricultural inputs. The largest yield decreases by shocks in individual agri-
cultural inputs occur in barley, rice and wheat, by N-rate, and in maize, by
machinery. Soybean and sugarbeet production are affected by shocks in K-
rate. Despite not showing significant effects on yields in previous figures, pes-
ticides seem to have a substantial effect on e.g. sugarcane production on the
global scale.

In addition to studying the differences in shock scenario productions be-
tween different crops, country-specific production changes were studied af-
ter the shock scenario “50% shock in all inputs” (Fig. 15). All the studied crops
were included in these calculations.
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Figure 15: Change in total production over 12 analyzed crops, a) on grid cell level
and b) by country. Same colour scale for both maps.

The countries with the largest relative decreases in production are Den-
mark, Oman, the United Kingdom, New Zealand, and Saudi Arabia, with de-
clines greater than 50%. Of the five current top producers of the studied 12
crops (Brazil, China, India, Thailand, and the United States), United States
has the largest decline in production, -42%. The largest absolute decline oc-
curs in the United States, where production declines by 200 million tonnes,
followed by China with a 140 million-tonne decline. Many countries in Africa
and e.g. Finland and the Baltics suffer very little.
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5 Discussion

Random forest models were built with agricultural input and yield data. The
models were then used to predict yield changes in 21 different agricultural
input shock scenarios. We used spatially gridded datasets, which allowed us
to model the effects in high resolution and identify sub-national differences.
The scenario results demonstrate that agricultural input shocks are especially
devastating to high-yield areas in Northern America and Western Europe.
The input use in these areas is also typically high. In lower-yielding and low-
input areas, the yields stayed the same or could even increase. By focusing on
the yield decreases we were able to highlight the areas where agricultural in-
puts are most crucial.

Studying model behaviour using ALE-plots revealed that there are simi-
larities and differences between climate bins and crops in the way each agri-
cultural input affects yield. The results from the shock scenarios clarified this
even more: most crops and climate bins had decreased yields after shocks in
one or more fertilizers, but there were some instances affected by neither.
Because a shock in agricultural inputs affects high-yielding areas more, the
decreases in these “bread-basket” areas influence global food production and
food security. This study demonstrates the importance of the agricultural in-
put aspect in food system resilience both nationally and globally.

5.1 Models

Most of the random forest models for crops and climate bins had NSE scores
above 0.65 (Figure 5), indicating good or very good model performance (Mo-
riasi et al., 2007). Sugarbeet models, in particular, had high NSE scores in all
climate bins. These high NSE values are similar to the results in Jeong et al.
(2016) for global wheat yield predictions with random forest. There was var-
iation between climate bins and crops with some performing better than oth-
ers. Analyzing the performances with respect to the temperature and precip-
itation quantiles (Figure 5), it seems there are some extreme bins where the
NSE-score is low, for example the lowest temperature quantile of cassava and
groundnut, and the highest temperature and precipitation bins of millet. It is
possible that in these climate bins the input data is not diverse enough to
produce good models, or that climate or other factors play a more important
role than the agricultural inputs we studied. The model validation scatter-
plots (Figure 6) confirm the well-performing models. The fact that some
models predicted higher yields to be lower than observed yields is important
to keep in mind when analyzing the scenario results.

The RMSE scores between training and testing datasets were similar (Fig-
ure 4), which usually indicates that the model does not overfit. Comparing to
Jeong et al. (2016), their calculated RMSE for globally predicted wheat yields
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is 0.32 t/ha, 11.9% of the average yield. Our wheat climate bin RMSEs varied
from 14% to 40% of the average yields. Better RMSE scores in Jeong et al.
(2016) may be due to a larger number of mostly climate based variables, but
Jeong et al. (2016) also note that the good results may be a product of spatial
autocorrelation between datapoints in similar political units; this could also
be the case in our study with sugarbeet. Observations are never completely
independent in geographic data due to e.g. cultural and governance practices
being similar in geographically close areas. Ferraciolli et al. (2019) shows that
spatial autocorrelation increases overfitting in a yield model for sugarcane
and that it underestimates the error of the model. They counteract the prob-
lem by splitting the data into k-means clusters and assigning clusters ran-
domly to training and testing data. Similarly to Ferraciolli et al. (2019), we
attempted to minimize overfitting and spatial autocorrelation by dividing the
training and testing data into grids to keep adjacent cells in different groups
to make sure that the model predictions were truly based on relationships in
the data. The division was also altered for each iteration of the model, and
the final result is the median of all the different iterations.

All statistically built models are only as good as their data, and similarly
the random forest models presented here rely on the data they were con-
structed with. Most of the input data and yield data are from the same time
period, with averages around the year 2000. The pesticide data is from 2015
according to Maggi et al. (2019), but the underlying data used to model the
pesticide rates in their article ranges from 1994 to 2016. Climate data used
for defining the climate bins are averages from 1970—2000. Our models de-
scribe the relationships between yields and agricultural inputs around the
year 2000, but we assume that the relationships between the inputs and yield
have remained quite similar and changes are slow, and that the results are
therefore applicable also to the current situation. Because data is aggregated
across many years, yield variability between years is muted in the averaging
process. Our models and scenarios represent relationships and changes in
the averages, but in reality, interannual variability in yields could alleviate or
exacerbate the changes seen in the models and scenarios.

Apart from temporal accuracy, spatial accuracy is also a limitation in the
models. Despite being in the same resolution, the data rasters might not al-
ways align with complete accuracy, creating some datapoints with unreason-
able agricultural input and yield compilations. We believe these instances to
be rare enough not to affect the model functionality, as random forest is quite
robust to outliers (Breiman, 2001). Yet another aspect that could have af-
fected model performances are the details of the model input data: for a
wheat climate bin with 28,000 observations, there are only 30 unique values
for N-rate or P-rate. Many of the fertilizer rates are known only at subna-
tional/county level. For machinery, we used country-level data or, in some
cases, continental averages. The low level of detail in the data could increase
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spatial autocorrelation. More detailed data would improve the accuracy and
prediction power of our model.

The ALE-plots show that different model iterations behave quite similarly
(Figure 7). The greatest differences between iterations are seen with the high-
est agricultural input values. The plots reveal interesting patterns in the mod-
els, some expected and others unexpected. Fertilizers were expected to have
a great impact on the yield, and this is confirmed by the majority of ALE-
plots (Figure 8). Many yield relationships follow the typical form described
by Mueller et al. (2017) for nitrogen, (high slope at low rates, plateau at
higher rates), but some unusual bell shapes are also found for some climate
bins, where medium fertilizer rate corresponds to highest effect on yield. This
might be an indication that areas with medium mineral fertilizer input and
highest yields are using more manure-based or organic fertilizers to increase
the yield.

Machinery also often has a Mueller-type ALE-plot response, where at
smaller machinery rates even a small increase has a large effect on yield, but
at the highest machinery rates the effect on yield stay the same. This is to be
expected, as moving from human- or animal-powered land modification to
agricultural machinery has been shown to increase the productivity of farms
(e.g. Mrema et al., 2014).

Irrigation or the irrigated share of the harvested area was expected to have
a greater effect on yield, based on previous literature (e.g. Lobell et al., 2009;
Wang et al., 2021). Even in the hot and dry climate bins the ALE plots do not
show a large effect of irrigation on yield compared to the other inputs. Some-
what unexpectedly, pesticides also have low ALE scores throughout most of
the crops and climate bins compared to the other agricultural inputs, despite
having the most detailed data (Figure 7 and Figure 8). Both irrigation and
pesticide use may be masked by the other inputs; their effect may be larger
on their own but compared to fertilizers and machinery it is minimal.

5.2 Scenarios

The scenario yields predicted by the random forest models are presented in
Figs. 9—13 and the Supplementary Material. Random forest regression pre-
dicts the shock scenario yields by “selecting” observations in the same climate
bin where input use is similar to scenario use. Decreased scenario shock
yields indicate that in the climate bin, original yields were only attainable
with original input values. Increased yields after scenario shocks mean that
in the same climate bin, similar or better yields are possible with less com-
mercial agricultural inputs.

We found that for all the studied shock scenarios, the largest yield de-
creases were observed for high yields, whilst lower yields tended not to be
affected negatively by the shocks. As seen in the Figure 6 scatterplots, a very
small part of this effect could be attributable to model performance. The
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increase in low yields and the variation between areas of low yields and low
rates of commercial agricultural inputs might be due to using more manure-
based fertilization, using more efficient agricultural practices or to better soil
quality.

In contrast, high yields are very dependent on commercial agricultural in-
puts and are therefore negatively affected by agricultural input shocks. The
variation of high yields can be explained by variation in agricultural input
use. The scenario predictions thus identify areas of high yields that need com-
mercial trade-dependent agricultural inputs to sustain their original high val-
ues. The original high yields are only possible in their respective climate bins
with a specific higher agricultural input intensity. The scenario shocks are
also larger in absolute values for the higher input and higher yielding areas.

Because shock scenario yield decreases are focused on high yields, the ar-
eas most affected by shocks in agricultural inputs are the high-yielding areas
or “breadbaskets” of the globe (Figure 11 maps, and Figure 15 country map):
Northern America, Central Europe, Argentina and parts of China. The large
yield reductions also affect the total global production of the crops (Figure
14): even though many smaller yields were not negatively affected by the ag-
ricultural input shocks, as seen in Figure 9 scatterplots, global production
overall decreases due to the decreasing yields of the world’s high-yielding
breadbasket areas. In addition to creating problems for local food security,
shocks in agricultural inputs could affect the global food trade if large yield
decreases fall on important global food exporters and trade nodes (Puma et
al., 2015). More research is needed to fully understand the interconnected
effects of agricultural input shocks on the global food trade.

The highest agricultural input values do not always correlate with the
highest yields. In Fig. 16 the N-rate for the highest original yields is ca. 150—
200 kg/ha, while the highest N-rate of 300 kg/ha produced original yields of
2.5 t/ha (darkest black points, indicated with green). The deepest yield de-
creases are seen in the highest original yields. Their original high yields were
possible with a certain optimum combination of fertilizers, other inputs and
agricultural qualities. The highest N-rate and the low original yield connected
to it indicate overuse of the fertilizer with regard to the other agricultural
management factors. The full potential of high N-input is not achieved be-
cause best results require high fertilization coupled with adequate water sup-
ply and soil modification using machinery. Other fertilizers also need to be in
sync, both temporally and stoichiometrically, with the N-fertilizer to produce
maximum Yyields.

38



N-rate shock

25% 50 % 75 %

N-rate kg/ha

l 200
100

0

yield after shock t/ha

0.0 25 5.0 7.5 0.0 25 50 7.5 0.0 25 50 75
original yield t/ha

Figure 16: Wheat bin 10 fertilizer shock. The green circle demonstrates the grid cells
with the highest N-rates that nonetheless have a relatively low original yield (2.5t/ha)
and subsequently do not suffer large yield decreases after shocks in N-input.

5.3 Soil nutrients could affect shock scenarios

Overusing fertilizers is not uncommon. For example, Sattari et al. (2012) and
references therein describe situations where years and decades of phospho-
rus fertilizer overuse results in a residual phosphorus pool in the soil large
enough to support good yields without external phosphorus input. Does our
model consider this situation?

The random forest models presented here do not directly address residual
nutrients in the soil, but areas with overuse of fertilizers are not predicted to
suffer yield decreases from the shock since there are locations in the same
climate bin where the yields are the same or better with less nutrients (as
seen in Figure 16 above). Better yields are achieved with less inputs that are
better balanced and correctly managed or due to better soil, and thus the
model predicts similar or even increased yields for areas where fertilizers are
overused.

Overuse of fertilizers is a large source of water pollution, and many studies
and government programmes aim to reduce it (HELCOM, 2013). The use of
fertilizers is spatially imbalanced: both over- and underuse occurs. In China
for example, previous research indicates fertilizer overuse and subsequent
fertilizer surplus in the soil, especially for phosphorus (Lun et al., 2018; Mac-
Donald et al., 2011). It is shown in many studies (e.g. Mueller et al., 2012;
Wuepper et al., 2020) that China could reduce its fertilizer inputs without
affecting yield. West et al. (2014) find that “~50% of the excess nitrogen and
phosphorus is concentrated in only 24% and 21% of the world’s cropland
area, respectively, and that China, India, and the United States together ac-
count for ~64% to 66% of excess nitrogen and phosphorus”. West et al.
(2014) also calculate that between 14% to 29% of nitrogen and between 13%
to 22% of phosphorus could be reduced without affecting current yields, tar-
geted to excessive users. Our shock scenarios indicate yield decreases in high-
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yielding areas of China, India and the United States (Fig. 11), but only after
shocks largely exceeding the reductions proposed by West et al. (2014).
Therefore, our results do not contradict previous studies on excess fertilizers;
the shock scenarios are a greater reduction in agricultural inputs than the
overuse seems to be.

In some parts of the globe, not enough fertilizers are used. MacDonald et
al. (2011) study global agricultural phosphorus balances in 2000 and identify
areas of deficit where the phosphorus input from inorganic or organic ferti-
lizers is not equal to the amount harvested, meaning that soil phosphorus
reserves are being depleted. One of the highly deficit areas is Argentina. The
Lun et al. (2018) study demonstrates similar results on the country level for
phosphorus, and Liu et al. (2010) also calculate nitrogen deficit soils for Ar-
gentina. In our scenarios, Argentinian yields of maize, potato, sorghum and
soybean were found to be sensitive to shocks in fertilizer input with signifi-
cant yield decreases after shock scenarios. Due to nutrient deficient soils the
true effects of agricultural input shocks might be even worse than calculated
in our analysis. P deficiency was also found for Eastern Europe and Russia,
but our analyses did not predict yield decreases in these areas due to their
low original yields.

A more detailed analysis of soil nutrient budgets combined with the results
from our analysis could reveal more information on vulnerable areas. The
use of soil residual nutrient data could enhance the estimation of yield de-
crease since the nutrient reserves in the soil could either alleviate or exacer-
bate the effects of input shocks.

5.4 Study limitations

In addition to soil nutrient balances, other datasets could improve the agri-
cultural input models, scenario predictions and subsequently analyses on
food security and vulnerability, especially for lower yields. Agricultural field
slope or soil type are demonstrated not to be significant parameters in yield
models according to Mueller et al. (2012). Data on non-commercial fertilizers
and nutrient use is available and was considered for our analysis to study
whether higher manure use would protect from fertilizer shocks, but ulti-
mately the data was left out. As regards to non-mineral and non-commercial
fertilizers, it is difficult to estimate e.g. whether the manure is self-supplied
or transported from elsewhere and thus susceptible to trade disturbances or
not.

Other agricultural inputs considered in food security analyses include en-
ergy and imported seeds. Energy used in agriculture in the form of oil is in-
cluded in our analysis indirectly through machinery, but energy is also used
in post-harvest processing of crops, affecting the eventual quality and quan-
tity of yield. According to Jansik et al. (2021), animal husbandry and
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greenhouse crops are more energy-intensive and energy-dependent forms of
agriculture than field crops.

High-yielding seed varieties are an important factor at least in the devel-
oped countries. The shocks could be crucial, depending on crop and climate
conditions: in Finland approx. 70% of sugarbeet crops are grown from im-
ported seeds modified for Finnish climate conditions, according to Jansik et
al. (2021). They estimate large decreases in sugarbeet yields due to seed im-
port shocks, based on Finnish expert interviews. A potato seed import shock
is estimated to cause a 10% decrease in yield on the first year, and a more
severe one if the shock was prolonged. A small part of the shock could be
alleviated by own seed production. Including the use of imported seeds in
agricultural input shock analyses would provide important information with
regard to food security. Unfortunately, no globally comprehensive data was
available to be included in our analysis.

While more variables like governance, GDP etc. might have improved the
model’s accuracy, we deliberately wanted to mask the effects of non-input
related factors for the purposes of the scenarios. This way the shock scenario
yield estimates are based on all yields of the climate bin and not just on cells
with similar governance or GDP, to allow for a more diverse overview.

5.5 Comparison to other agricultural input shock studies

Mueller et al. (2012) use global spatial data and models to calculate yield gaps
for major crops. They also model areas where reductions in fertilizers would
be possible without yield decreases for the major cereals: wheat, rice and
maize. The methods and result units are different from our analysis, but some
visual comparisons between maps could be made. The major areas that could
not withstand reductions in fertilizers according to Mueller et al. (2012) are
Eastern Europe, Central Africa, and South America. In our analysis, these
same areas were not particularly susceptible to fertilizer shock scenarios, be-
cause of their low original yields, except for Argentinian croplands. Their
model is based on slightly different global yield data and is constructed from
both the global data and previous models of input yield relationships. In their
model, lower yields are more affected by agricultural input than in our mod-
els. A more detailed analysis of their results and more than visual comparison
could reveal more similarities or differences in the results.

Jansik et al. (2021) use expert interviews to investigate the effects of agri-
cultural input shocks on Finnish agriculture. In their estimate, a total shock
in the input of farm chemicals, fertilizers and pesticides could reduce yields
by 10—40% (crops not specified). In our scenarios, a 75% shock in all inputs
reduced the yields of Finnish wheat, barley and potato by a maximum of 40%.
Jansik et al. (2021) also conclude that the effects of pesticide shocks would
be severe: grain yields could decrease by 30%, potato yields by 50% or more.
In our study, pesticide shocks had a low effect globally, but in our Finnish
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75% pesticide shock scenarios, barley, potato and wheat yields decreased
moderately: 15%, 30% and 25%, respectively.

Haile et al. (2016) use an economic trade model to predict the effects of
phosphate price increase and find that even if the international price of P
doubled, the global crop yield decreases only by 1—7% in wheat, maize, rice
and soybean. The decrease in actual fertilizer input was not discussed in the
model. O’Hara et al. (2015) also study the effects of a phosphate fertilizer
price shock using economic models. In their study, the phosphate fertilizer
price increases by 200%, but the global use of phosphate fertilizers declines
by only 3%. They find decreases in production to be only a few percent glob-
ally, from 0% to 14% in the largest producers. In India, the phosphate price
increase leads to phosphate and potash application rates changing by -11%
and -26%, respectively. For maize, this means a 14% reduction in production.
In our somewhat comparable shock scenarios, a 25% P-rate shock and a 25%
fertilizer shock, maize production in India decreased by 3% and by 12%, re-
spectively.

Beckman et al. (2020) model the food security impacts of EU’s Green Deal
and Farm to Fork strategies on a global level. These EU strategies aim to re-
duce pesticides by 50% and fertilizers by 20%, as well as land use (by 10%)
and antimicrobial use in livestock (by 50%). If all countries decreased the
mentioned agricultural inputs, agricultural production would decrease in
some places as being too costly, while increasing in other places where farm-
ing is more profitable due to changes caused by adopting the strategy. The
study predicts wheat production changes of -33%, +3% and -33% for China,
the United States and the EU, respectively. This can be compared to our
shock scenario of a 25% shock to all inputs, which resulted in -25%, 0% and
-7% production changes in the respective countries.

5.6 Shock alleviating factors

Economic models like those presented in Beckman et al. (2020); Haile et al.
(2016) and O’Hara et al. (2015) allow for reaction to world events and crop
management changes in response to them, whereas in our model, yields for
all cells are predicted individually and independently from neighbouring
cells. The economic models assume alleviating factors to price increase
shocks or scenarios: governments of developed countries can subsidize farm-
ers to buy farm chemicals; the world market and grain prices shift the pro-
duction locations of different crops. Individual farmers can increase or de-
crease their farming acreage to adjust to new input levels, and they can also
substitute chemicals with machinery and labour or adjust their farming prac-
tices with investments (Beckman et al., 2020; Haile et al., 2016).

Compared to the phosphorus price shock scenarios (Haile et al., 2016;
O’Hara et al., 2015), our input shock scenarios are more drastic. Especially
the all input shock scenario in our study represents a more war-like or severe
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pandemic situation, a worst-case scenario. Our study also assumes that the
agricultural input shock occurs at a critical time point in crop management
or that the shock is prolonged and exhausts the buffering capacity countries
or individual farms might have. The stakeholder interview study by Jansik et
al. (2021) concludes that, on average, Finnish farmers have 10-15% of their
yearly fertilizers and pesticides in storage.

Farm chemicals and other agricultural inputs in national or personal re-
serves could alleviate the trade shocks, but otherwise means to substitute the
missing agricultural inputs are scarce. Some pesticides can be replaced by
mechanical weeding or adjusting crop management timing (Jergensen et al.,
2019). In high-precision agriculture in the developed countries, machinery is
nigh impossible to be replaced by manpower or even animal power without
huge yield losses (Jansik et al., 2021). Supplementing fertilizers with organic
nutrients from manure and crop residues is possible up to a certain degree.
In a time of agricultural input shock, manure etc. could become a commodity
to be traded and become scarce on their own.

Many previous studies have focused on P due to its finite reserves, but our
analysis shows that for some areas, other inputs and their shortages may be
just as important as regards yield. The summarizing tile plots in Figs. Figure
12 andFigure 13 and the Supplementary Material do not reveal any one agri-
cultural input as being the most influential in shock yield decreases across all
climate bins and crops. Globally, 50% of fertilizers are of commercial origin
and susceptible to trade shocks. The most severe yield decreases are related
to shocks in fertilizers. To increase food security and resilience in the face of
global trade network uncertainties, areas with a high degree of commercial
fertilizer use should seek to replace them with more sustainable and local bio-
based fertilizers, especially in the case of finite phosphorus reserves. The ad-
verse effects of overusing fertilizers, like eutrophication, could also be miti-
gated by more sustainable and circular fertilizer use.

Our analysis describes the yields and agricultural inputs in the year 2000,
and the shock scenario effects on the relationships of that time point. In the
future as the changing climate will change global yields (Wheeler and Von
Braun, 2013), it can also modify agricultural input requirements, e.g. more
pest damage means increased pesticide application (Rosenzweig et al., 2001).
Thus some inputs might be more crucial for future yields. The growing global
population and the goals to provide food security for all will also increase the
need of agricultural inputs. The dwindling commercial phosphorus re-
sources, expected to be depleted in 50 to 100 years (Cordell et al., 2009) will
force the agricultural sector to find new, sustainable ways of increasing and
maintaining high yields. All in all, agricultural inputs and their availability
should be taken into account now and in the future when a more resilient and
sustainable global food system is constructed.
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6 Conclusions

To our knowledge, this work is the first attempt at constructing a model and
scenarios to study trade-dependent agricultural input shocks and their ef-
fects on global yields with high spatial definition. Previous studies have fo-
cused on price increases and economic effects, and yields and crop produc-
tion have been treated as national aggregates and without a precise spatial
dimension.

The random forest models presented in this study had a predicting power
of 60—80% on average, indicating good performance. The models were used
to predict yield changes in the face of agricultural input shocks. The relation-
ships between agricultural inputs and crop yields are complex, as are the ef-
fects of different input shocks. The largest yield decreases were observed for
high-yielding areas of each crop, where the specific high agricultural input
rates are in balance to produce maximum yields. These high-yielding areas
are important not only for regional food security, but also for global food pro-
duction.

With more precise agricultural input data and additional supporting envi-
ronmental data, the effects of agricultural input shocks could be understood
even better. Our results highlight the fragility and interconnectedness of the
food-related trade system. The results can serve to evaluate regional food se-
curity more comprehensively, and together with other information help iden-
tify at-risk areas.
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A. Supplementary Material

Fig. A 1: tile plots for all studied crops, representing the share of climate bin
cells where yield decline was more than 10% of the original yield. Barley has
the largest area of decreased yield with the biggest shock scenarios. The var-
iation is also strong, with a 25% shock showing a much smaller yield decrease
area than a 75% shock. In barley, there is also considerable variation between
the different climate bins and scenarios. Maize, rice and wheat do not see
such drastic yield decrease variation between the 25%, 50% and 75% scenar-
ios. The variation between climate bins and scenarios is also smaller, with
many areas predicting a ~50% share of yield decrease. For soybean, the av-
erage share of bin area where yield decrease was more than -10% is smaller
than for the above-mentioned crops, around 30%. Some climate bins in po-
tato and barley are most affected by machinery shocks. Machinery also seems
to be an important factor in the yield of cassava, indicating for bins 1—3 that
100% of their area experienced yield decline. However, the NSE scores for
these climate bins of cassava were very poor (Figure 5), so these yield decline
results may not be very reliable.

barley, cells where yield decline was more than 10%

25% 50 % 75 %
shock all
fertilizer shock
pesticide shock
machinery shock
K shock
P shock
N shock
15 20 25 15 20 25 15 20
bm

cassava, cells where yield decline was more than 10%

25 % 50 % 75 %
shock all
fertilizer shock
pesticide shock
machinery shock
K shock
P shock
N shock
15 20 25 15 20 25 15 20
bm

52



shock all
fertilizer shock
pesticide shock
machinery shock
K shock

P shock

N shock

shock all
fertilizer shock
pesticide shock
machinery shock
K shock

P shock

N shock

shock all
fertilizer shock
pesticide shock
machinery shock
K shock

P shock

N shock

shock all
fertilizer shock
pesticide shock
machinery shock
K shock

P shock

N shock

groundnut, cells where yield decline was more than 10%

25 % 50 % 75 %
15 20 25 15 20 25
bm

maize, cells where yield decline was more than 10%

25 % 50 % 75 %
15 20 25 15 20 25
bm

millet, cells where yield decline was more than 10%

25 % 50 % 75 %
15 20 25 15 20 25
bm

rice, cells where yield decline was more than 10%

25% 50 % 5%

15 20 25 15 20 25 5 10 15 20 25
bm

53



shock all
fertilizer shock
pesticide shock
machinery shock
K shock

P shock

N shock

shock all
fertilizer shock
pesticide shock
machinery shock
K shock

P shock

N shock

shock all
fertilizer shock
pesticide shock
machinery shock
K shock

P shock

N shock

shock all
fertilizer shock
pesticide shock
machinery shock
K shock

P shock

N shock

sorghum, cells where yield decline was more than 10%

25 % 50 % 75 %
15 20 25 15 20 25 15 20
bin

soybean, cells where yield decline was more than 10%

25 % 50 % 75 %
15 20 25 15 20 25 15 20
bin

sugarbeet, cells where yield decline was more than 10%

25 % 50 % 75 %
15 20 25 15 20 25 15 20
bin

sugarcane, cells where yield decline was more than 10%

25 % 50 % 75 %
15 20 25 15 20 25 5 10 15 20 25
bin

54



wheat, cells where yield decline was more than 10%
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A 1: Tile plots showing the percentage of bin area where shock yield was at least
10% lower than the original yield. Colour legend is the same as in Fig. A 2.

Figs. A 2 and A 3: maize tile plots for one shock percentage (75%) arranged
to highlight the effect of climate bins. For example, climate bins 8, 9, 12, 13,
and 14 share relatively close temperature and precipitation conditions and
are also most heavily affected by the shock in all inputs.
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A 2: Maize, percentage of bin area where the shock yield was at least 10% lower
than the original yield.
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A 3: Maize, mean shock yield decline in cells where the shock yield was at least
10% lower than the original yield.
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