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Global food securityfaces greathallengs due togrowing populatiorandincome,as well as
shifting dietary preferences. Despite advancements in agricultural practices and teielsrioéig
have increasedcrop production, the recent food crisis has highlighted the importance of
understanding multiple factors (such as climate change) that can exacerbate food insecurity. As a
result, in order to understand tbpportunitiesandchallengeto meeting rising food demand and
achievinga more stable food supply, it ©itical to characterizéhe spatiotemporal patterns of
crop yield by investigatingpng-term crop yield trends, crop yield shocks, and international crop
trade networg as well aghe drivers (i.e.socioeconomic and ecologlt®f crop production and
supply. In the context of global food systems and food security, this dissertation, divided into three
core chapters, seeks to systematically investigatecatieal dimension of food security (i.e.,

stability) by analyZng the production and supply afop commoditiesvith statistical and machine

learning approaches.



Crop yield stagnation in several global regions poses a significant challenge to meeting
2050 fooddemand targets, necessitating an examination of historicaltéongtrendsof crop
yields and their driversSuch an assessment is also importamrégectthe amount of nitrogen
(N) required to meet the 2050 targets. To accomplish this wealsedca massive global dataset
of N budget at the nationataleand quantified thelong-term yieldresponseelationshipswith
yield response function®r each of the elevemajor crop typeqChapter 2). These relationships
were then used to predict global N inputs in cropland in 295€cenario designs that took into
account various technology and management practices (TMP) levels. The findings highlighted the
importance of TMP in reducing the load of excess N in croplahide meeting rising food
demand. In addition to investigatinfpe longterm trends incrop yields, assessing sudden
reductions in crop yields is equally important to sustaining and meeting food déGteaaquter
3). We quantifiedhe sharp drops in wheageyd (i.e., shocks) and their drivers (i.e., ecological and
socioeconomic) using quantile regression techniques. This analysis revealed the pressing issue of
large crop yieldeductionsgdue toextreme weather streds also demonstrates thtgichnological
advancegper capita gross domestic product (GDP)) and resource inputs (e.g., N fertilinhatren)
been focusingn achieving higher crop yielaather thammitigating yield shocksDisruptions in
the availability of crops, whether caused by shocks or stagnation, can be balanced through
international trade by exchanging commodities from surplus to deficit regions; tanggtional
tradeplays an important role irstabilizingfood supply(Chapter 4). However, the risk associated
with higher levels of extreme weather stress and synchronous crop yield fluctuations among
countries significantly alters international trade links, jeopardizing food system resiliéfece.
characterized hie relationships bew®en these two factors and international wheat trade

partnerships using a flexible framework of an exponential random graph model (ERGM) and



random forest. According to the analysis, tlesilience ofinternational wheat trade could be
improvedif countriescan adjust trade portfolios lzpnsideing the level of extreme weather stress
and concurrent yield variations with their trading partn@ngerall, the dissertationexpandson
previous researchy comprehending the role @fcological andsocioeconomic drivers on crop
production and supplyas well as proposingolicies to mitigate the negativémpact of these

drivers onkey aspects of global crop supply stability
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Chaptlenrt rlooducti on

1.1. Background and motivation
The worldis urging forrapid increases in food producti@ue to risingpopulation growing

income, changing dietapatterns, and increasing biofuel i5&4]. To keep pace with the growing
demandhat may continue for decades, global cereal production needs to escalate by 45% in 2050,
while total agriculture production needs to teeighly doubledbetwesn 2005 and 205(2,5].
However, achaving these targets will be difficult due to the sensitivity of agricultural production,
particularly crop production, to environmental conditions (such as climate chi&)ge)arge
variations in crop production due to extreme weastressscan result in volaté prices in the local
and global food markets that can endanger food security, especially fardome populations
and subsistence farmers who spend the majority of their income on food [3,4]. To mitigate the
impact of theevariations introduced by wdatr stress and meet potenf@bd demandargetsa
variety of strategiegsuch as nitrogen (N) fertilization) are used to increase the crop yield.
However, these efforts magad toeutrophcation insurface watersjepletegroundwater supply
for irrigation, degradesoil quality, and acidify forests, all of which can haleag-term negative
impacts orcropyield [81 10].

Given these challenges, there has been considerable imettegimining how and where
crop production needs to be potentially increased to meet the increasing demand for agricultural
products caused by accelerating population growth, rising incomes, and changes in dietary
patterns. An increase in crop producticould be achieved by extensification (egxpanding
croplands) and intensification (i.e., increasing fertilization and irrigation). Between the two

approachesextensification is typically associated with te&pansionof cropland, typically



replacingnatural ecosystemsndleadingto greenhouse gasesnissions biodiversity loss, soil
degradationand climatechange[1]. For instance, between 1980 and 198l@aring forest in
tropical regions accounted for more than 80% of new cropldrids

Crop production can be increaskey intensifying management inputs such as fertilizer,
pesticides, and irrigation, as well as improving TMP (e.g., crop breeding and precision agriculture)
[12i 15]. Despite the variety of approaches to increase yield, many regions around the world are
experencing crop yield stagnation (i.ea,diminishing return of crop yield to resource inputs)
[8,16/ 19]. Most often, the underlying reasons for yield stagnation are limited natural endowments
(e.g., crop landhnd irrigation), climate change, and inadequate management practices regarding
fertilizer application, irrigation, cultivalype, and crop rotatiofil 7]. Such diminishing crop yield
patterns may come at the expenséhefpotentially limited availability of an adequate anmt of
crop supplywhich subsequentlhreates food securityf20]. If there is a persistentsling-down
of yields in the upcoming years, this could further ignite migration, conflict, and political and
financial instability in a country or region.

Aside from the issue of stagnating crop y#lsudden and large reductions in crop yseld
are andter source of concern for food security. Large drops in crop yield increase yield variations,
depress farmersodé welfare, and make food pric
stability [21]. Weather conditions, pests and diseases, geopolitical events, @oeceaomic
changes all contribute to yield variatifh22' 25]. There is ewdence that the increased frequency
of extreme weather events, such as drought and flooding, has resulted in massive crop yield losses
at the national and global levels, causing dantatjee global food systenj24,2G 29]. Assessing

the primary causes of interannual variability of yield as well as large negative yield deviations is



critical for reducing food price volatility and achieving stable food supply on a national and
internation&scale.

International trade is considered as one of the adaptation strategiesid shortagein
the food supply and redethe negative impact of a sudden reduction in the crop supply, but with
debatable effect§30,31] By transferring crop commodities from abundant to deficit regions,
international trade can mitigate the impact of sudden and large yield losses on crop supply.
Howewr, the international trade network has become more intensely interconmaatédg
countries heavily dependent on impd@8&i 34]. When both the trade partners (i.e., importer and
exporter) experience simultaneous yield failureghhimport dependence becomes problematic
[351 37]. Furthermore, countries rely on a small number of large exporters with specfatzed
production, and concurrent supply shocks in these major exporters have had an impact on net
importers via export restrictions and destabilized crop pf&88,39] Hence, understanding the
mitigation potential of international trade in achieving stable food supply warraritserfu
investigation.

Despite widespread interest in the aforementioned issues, research continues to fall short
of elucidating the key factors influencing global food security and supply. Many studies, for
example, often ignore the impact of diminishnegurns of crop yield when projecting N inputs in
the future. Furthermore, majority of studies concentrate on yield variations, with only a few studies
examining crop yield shocks. Moreover, the impact of synchronous yield fluctuations and extreme
weatheron international trade needs a deeper investigation. As a result, in this dissertation, using
historical datasetswe apply statistical and machine learning approaches to characterize
relationships between crop supply (as quantified by international &radlerop yield) and its

associated drivers. These emerging approaches in the field of food security and agricultural



production offer the opportunity to study the complex crop production and trade systems on a
global scale by capturing nonlinearities thae often unexplored in traditional modeling
approaches. In particulage concentrated on key ecological and socioeconomic drivers and their

influence on crop supply.

1.2. Dissertation overview

This dissertation seeks to answer the question, what are thec&kgical and socioeconomic
drivers influencing crop yield and the international trade network in achieving stability of crop
supply? To address this questiare have computationally investigated the pressing challenge of
meeting growing food demand theequires increase in crop production and stable supply by
developing advanced data science methods and applying them to a highly interdisciplinary context.
Using machine learning and statistical algorithms, namely random forest, quantile regegsbion
network analysiswe have uncovered key fundamental relationstilpgs are essential for the
assessment of stable food supply in the future. Specifically, this dissertation examirgsrong
yield trends, yield shocks, and international trade networksekhss the ecological (i.e., climate)
and socioeconomic (such as gross domestic product (GDP)) drivers at the global and national
scales.

The study builds on the extensive literature on the three interconnected research areas
(Figurel.1). In the secon@hapterwe model the longerm trends of crop yield with N inputs and
TMP, with the aim of quantifying the N inpufse., N-fertilization, Nmanure, Nfixation and N
deposition and technological advancement required to meet the rising food dewtsted
reducing the impact of N pollution in the environment. The developed model is then used to make
predictions of N inputs needed in cropland. In the third Chaptedescribe theraalysis of crop

yield shocks and identify potential drivers that can lead to these shocks. Finally, the impact of yield
4



synchrony and extreme weather events on the international wheat trade network is explored in
Chapter 4. More specifically, the major ebjives and motivations of each chapter are listed

below.

Chapter 2 Chapter 4
N inputs Extreme weather stress

TMPs
-, Cropyield l

Long-term yield trends
- Short-term yjeld variations — > International trade
Chapter 3 /

Extreme weather stress

Supply stability

Figure 11. Overview of the dissertation with interconnection between chapters. The TMPs stand
for technology and management practices

Chapter 2: Modeling the longerm yield trajectory considering the impact of nitrogen inputs

and technology

With the aim of meeting the growing food demand by 2050, nitrogen (N) inputs requirements for

crop production are predicted by analyzing liegn yield trends under various projection
scenari os. Nonet hel esasys udledo wid deen gr ius efdo rit Bpursa j
the current state of affairs stays the same with current Nitrogen Use Effi(Md&y the fraction

of applied nitrogen acovered in a harvested cjopeing unchanged until 2050 and does not
consider the stagnating return in yield to N inputs under a given TMP and climate condition (i.e.,
declining NUE). In Chapter 2ye use scenario design to predict N inputs in 2050 wadt®unting

for diminishing returns to fill this knowledge gap.

0 Research objectives:



I.  Model the impacts of N inputs on crop yield trajectories by country and crop type around
the world
[I.  Analyze the role of TMP in improving nitrogen use efficiency
. Predict N irputs required to meet global food demand by designing scenarios under

different TMP assumptions

Chapter 3: Identifying spatiotemporal patterns of wheat yield shocks and associated drivers
Recently, there has been a growing interest in understanding the negative impact of abrupt and
substantial reductions in crop yield (i.e., shockigwever studiedackto quantify the magnitude

of shock and investigathangs in shock caused by driverGiven the large impact of shocks in
destabilizing the food supply and security, the third Chapter focuses on negative wheat yield
deviations (also known ahocks) and the factors that cause them.

0 Research objectives:

I.  Explore existing indicators for measuring the variation of wheat yield and their relationship
to food security

[I.  Evaluate the spatial and temporal variation of the negative deviations in vigldatand
their implications for food security

lll.  Quantitatively evaluate the socioeconomic and ecological causes of shocks

Chapter 4: |l nvestigating the global wheat tr
and synchronous yield fluctuations

Despte extensive research into the roleimtfernational trade in stabilizing food supply, few
previous studies have examined the impact of extreme weather events and yield synchrony on

trade networks between countries and its implication for stability of faguply. Chapter 4
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guantifies the relationship between these factors and the international trade nesivaykvheat
as an example.

0 Research objectives:

I.  Assess the impact of extreme weather stress and yield synchrony on international wheat
tradenetwork
[I. Examine the influence of geopolitical and economic factors, and production levels on
international wheat trade network
1.3. Publications
The di ss er toichamensdGhaptensd? leaee been or will be published as journal
articles. Below aréheir references:

1 Chapter 2Vishwakarma S, Zhang X, Muel |l er ND (2022).

i nput s: are we ma k i BEmygronmmentaj Résearahs lette®B@It i1 on s ?

https://doi.org/10.188/17489326/ac6619

1 Chapter 3Vishwakarma S, Zhang X, Lyubchich V. AQuant

wheat yield shocks and((totbdsebmitteddr i ver s acr os

1 Chapter 4Vishwakarma S, Zhang X, Lyubchich (2022. Wflieat trade tends twappen
between countries with contrasting extreme weather stress and synchronous yield

variatioro Communications Earth & Environme®Ol: https://doi.org/10.1038/s43247

022005917

Other collaboative projects accomplished while working on this dissertation are below with the

full references.
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https://doi.org/10.1038/s43247-022-00591-7
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1 Vishwakarma S, Zhang X, Dobermann A, Heffer P, Zhou F (20Z®)uantifying
nitrogen deposition inputs to cropland: a national scale dataset from 12620dDryad

DatasetDOI: https://doi.org/10.5061/dryad.msbcc2g1x
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Pfeifer K, Zhao J, Zou T, D6Odorico P, Fol
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https://doi.org/10.1016/j.oneear.2021.08.015
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Rat on, FL: Chapman & Hal ITechknBnetricbOess, 2019,

https://doi.org/10.1080/00401706.2021.1945330

1 Vishwakarma S, Lyubchich VvV (2020). ABook review:
Modeling: Applications with R, by Robert Fletcherand Mali®@ s " ee For ti no

Technometric®OI: https://doi.org/10.1080/00401706.2020.1783950
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Boateng D, Schaeffer ENjshwakarma S, Wang X.ffuntimes:Functions for Time
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https://doi.org/10.5061/dryad.msbcc2g1x
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https://doi.org/10.1016/j.oneear.2021.08.015
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https://cran.r-project.org/package=funtimes

ChaptMorde2:i ngt é¢rhm yioelgd trajectory
i mpact oifnmutts oggreth t echnol ogy

In this chapter, we predict theitrogen (N)inputsto 2050in cropland by investigating lorigrm

yield trajectoriesWe useyield response functions to characterize a given level of technology and
management practices (TMBY) using a consistent datas&b projectN inputs to 2050we develop

and test three approaches, namely HASatrdre NUEO,
the approach that considers diminishing returrt
in 268Tg N yr! of N inputs, which was 61 and 48 Tg NYyhmigher than when keeping NUE at

the current level with and without considering changes in crop mix, respectively. If TMP continue

to evolve at the pace of past five decades, projected N inputs redd@e Tg N yr', a value that

is still 59 Tg N yr higher than the inputs in the baseline year 2006. Overall, our results suggest
that assuming a constant NUE may be too optimistic in projecting N inputs, and the full range of
projection assumptions nestd be carefully explored when investigating future N budd#ithin

the context ofjlobalcropN management, the implicatisof these resultare discussed

AExtractsof this chapter are available \fishwakarmaS, Zhang X, Muell er ND (2022).
nitrogen inputs: ar e Breironmarkal ResparchiLagtdd®dl: assumpti ons?0
https://doi.org/10.1088/1748326/ac6619



https://doi.org/10.1088/1748-9326/ac6619

2.1. Introduction

Global nitrogen (N) inputs to crop production have increased from 37 Tg' M {961 to 163

Tg N yrtin 2009contributing to a 69 Tg N yrincrease in crop yielf40]. While this change

increased crop yields, it has led to adverse environmental impacts for climate, water quality, and

air quality from regional to global scalgkl,42]. It has been proposed that global N inputs, mainly
contributed by highand midincome countries, have already exceededtheaol | ed Apl ane
boundaryo, which marks the safe 1163€43ani ng s
contrast, many regions of the world, such as-Sabaran Africa (SSA), still haveiNputs as one

of the major limiting factors for crop yiel@4i 48]. To meet rising food demand, global crop
production is projected to inease by 60110% by 2050 compared to 2005 base]ingd,49,50]

suggesting aontinuous increase glemand for N inputs worldwide. But the gtien of whether,

where, and how much N inputs will continue to increase are critical for achieving future

environmental sustainability and food security.

To project future N inputs and inform decision making related to N management, many
studies have be&econductedbased on historical records of N inputs, Nitrogen Use Efficiency
(NUE; the fraction of applied nitrogen recovered in harvested)ceopl food demanfB,51r 55].

Future N inputs can be calculated uspngjected food demand and NUE. The projection of food
demand is usually based on the population and diet changes which have been described in Shared
Socioeconomic Pathways with a range of scen§i@6]. Meanwhile,NUE is often considered

as representative of technologies and management practices for N.

Many studies assume NUE to be staying constant, or even increasing, under a reference
scenar i o -AsUsiuBaulsoi n(eBsAsU) s cenar i oeoftwdhnologyandonsi d

other socioeconomic conditions do not have major chaixdes4,57,58] However, considering

10



the diminishing return of yield response to N ing®$,60], NUE will decrease if yield increases
rely solely on rising N inputs without any improvements in technology and management practice.
The concept of diminishing return of yieldeans stagnating crop yield with increasing N inputs,

and it has often been utilized at fasmale agronomic researf@0i 62].

Even though several recent studies implementediyhamic yield response to N inputs
national or global scale analyses and N inputs projection (asmlettaet al [40,59} Mogollon
et al [55]; Mueller et al [63]; Billen et al [641 66]), most use aggregated N inputs or NUE of alll
crop classes and ignore the large variability in N inputs and NUE aanopg and the impacts of
changing crop mixes due to dietary shifts. At the global scale, NUE in 2010 varied from 0.14 to
0.80 among 11 major crop clas$&S]. Such differences among crojasses are also evident on a
national scale. For example, in China, average NUE ({280115) of different crops ranged from
0.08 to over 0.6(67], while the aggregated NUE (i.e., NUE@ahted for all crops) in China for
year 2010 was 0.20.30[15,40] Hence, using aggregated NUE instead of crop specific NUE will

likely introduce bias to the projection of future N inputs.

Therefore, it is imperative to investigate how the assumptions made when constructing N
projections affect findings about the fugwof N inputs. As there is considerable variability among
global N budget datasdB8], as well as datasets from different spatial sqél@k it is also critical
to utilize a consistent dataset in a simple anaisparent manner to reveal the importance of NUE
and technology scenarios. Consequently, we update and use a database of N budgets by country
and crop class for 115 countries or regions during 12@15; design and implement three
approaches to project Npgats in 2050 considering different assumptions for NUE and vyield
response; compare our projections with existing literature; and discuss the implications of our

findings for future N projections.
11



2.2. Material and Methods

2.2.1. Data sources
This study used the Gbal Database of Nitrogen Budget in Crop Production, a cousutiy crop

specific N budget database, and updated it for the period of 1961 to 2015 based on the
methodologies developed ¥hang et al [15]. The total N inputs to cropland included N
fertilization, N-manure, Nfixation and Ndeposition in kg N hayr?, while the output included
crop yield (i.e., grains or editable pamwof the crop only; straw and residues are not included)
representing N in harvested crop (kg Ntlyal). The Nmanure represents the amount of manure
collected and applied to cropland. The analysis was performed with a focus on the crop production
sysem, and was carried out for 115 countries or regions based on the list of major crop producing
countries used irZzhang et al. [68] for statistical assessmerdnd 11 crop classes following
l nternational Fertil i z e[f0] (skesApperdix dable A mr@a2). (| FA)
Projections of crop yield and harvested area for year 2050 were from Food and Agricultural
Organization of the United Nations (FAO) 2012 regbttwith baseline year of 2006 (averaged
2005 2007), which was derived based on food demands and is in line with historical trajectories
of N yield for major regionsAppendix A,Figure Al7). The projecte crop yield is expressed in
kg N hat yr,

2.2.2. Assumptions and approaches for projection
To project N inputs in 2050, we designed three approaches using the same projected crop demand

but different assumptions for NUEdble 2.1 andAppendix A, Note 7/8).
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Table 21. Summary of projection approaches and their assumptions

Projection Approaches Assumptions

Same NUE NUE for each country stay tr
same at current level (i.e., averag
NUE for 2011 2015)*

Same TMP The yield response function

representing the level of TMP
well as environmental condition:
stays the same as the current le
(i.e., determined by observatiol
from 2006 to 2015)

Improving TMP The yield response function kee
evolving following the paceand
trajectory observed in the pa
decades (1962015)

*this approach was tested in two cases: one considers the changes in crop mixes and

the other does not.

ASame NUEO approach
The first approach, named 0 S asame adNtheEkcorrent lavels u me s

(i.e., averaged NUE for 2012015). We first estimated the NUE for each couni&®ydnd crop

class §) for the 20112015 period @), then calculated N input rates in 2050 using projected crop
yields in 2050[5] divided by the estimated NUE assuming that NUE stays the same in 2050
(Appendix A,EquationAl). We then calcule total N input quantity in 2050 using the harvested
area from the same rep@s] (Appendix A, EjuationA2). In order to investigate the impacts of
changes in crop mixes on the projection of N inputs, we also tested the projection with the
aggregated NUE of all 11 crop classes in a country instead of thepeopic NUE (sedppendix

A, NoteA3.1 for details).
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Figure21l.1 | l ustration of projection approaches usi

an example. The projected N inputs are shown as colored triangles: pink and green triangles for
ASame NUEO and fAiSame TMPO appr oacphrecsv i(npga nTeMP 0Oc
approach (panel b). The pink dashed line represents average NUE foe@D3 Ipanel a). The

yield response relationships estimated using -marameter hyperbolic relationships are
represented as colored | indMPo GDBPPanchayd gr e
Appendix A,EquationA5) and Al mpr o v iApmendiX MBgoatiosASeandA™®),i o (
respectively, while other green lines in panel b are yield response relationships for different period

from 1961 2015 (panel bAppendix A, EjuationA5). The shaded area around lines is the 95%
confidence interval estimated using 1000X bootstrap reld@gndhe blue horizontal line is the

2050 yield target obtained from FAO 2012 report.

ASame TMPO approach
The second approach, ASame TMP, 0 considers th

represented by the yield response function derived froralikervations during 2008015) stay

the same as the current level. Under the same TMP and ecological conditions, yield response to
N inputs levels off as N inputs increases, and consequently NUE decreases. Yield response
functions have been developed tearacterize such relationship between N inputs and yield
[59,71 73]. The yidd response function could be changed due to the adoption of new TMP, such
as precision farming, controlled release fertilizer, nitrification inhibitors gmalymercoated

fertilizer [60].
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Based on the N inputs and yield records for the most recent ten year§ (i2006 to
2015), we first estimated a yield response function for each country and cropAgpesdix A,
EquationA5; Figure2.1a). Then, we used these yield response functions to estimate N input rates
when yield changes to 2050 levAppendix A, EjuationA6). Similar to several published studies
[55,59,63] we adopted the orgarameter yperbolic function as yield response function;
meanwhile, we also carried out uncertainty test to investigate the impact of using different function
forms (e.g., quadratic plateau function) on projection results.

Al mproving TMPO approach
The third approdt Al mproving TMP, 0 assumes that TMP ke

trajectory observed in the past decades (19615). Therefore, for each country and crop class,
we first estimated yield response functions based on the N inputs and yield fecadch of the
six time periods between 1961 and 20Egre 2.1b). As the coefficient of the hyperbolic yield
response functiond( ;) represents maximum achievable yield, it serves as an indicator of the
TMP level represented by the yield respe function[59]. Larger values of the coefficient
demonstrate improvement in TMP, and viegsa[55]. Consequently, we useéd j for the past
six time periods to extrapolate 2050 and estimate a new yield response curve, whilkhnsused
to estimate N input in 2050.

2.2.3. Uncertainty tests
We examined three potential sources of uncertainties for projected N inputs: 1) the uncertainty
associated with estimated parameters in the yield response function, 2) the effect of using different
yield response functions, and 3) the effect of yield respoto noffertilizer N inputs (See

Appendix A,Note A6 for details).
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2.3. Results

2.3.1. Projection of global N inputs
While all approaches projected significant increase in global N input205Q the range of

projected increase varies substantially, from 41% t&o 8Blative to the baseline year 2006
(average 20022007) Table 22) . The ASame TMPO approach proje
reach 268 (254295; 95% confidence interval) Tg N-¥by 2050, significantly higher than the
AiSame dpptdach, which pjects 207 (200215) Tg N yrt. The higher projected N inputs

are accompanied with | ower NUE and higher N s
projected by t he Taldea28).eThisNddraoastrates hat futare X inp(t could

have beennderestimated by ignoring the diminishing return in yield response to N inputs. On the
other hand, the projected N inpui29bTgNyrthiee Al mp
not significantly different f r dffererichbetwderstaeme NU
two methods is found in projected NUE and N surplus either. It suggests that N inputs could be
mai nt ained around the | evel projected with AS

past five decades, which could be a very of#iimassumption.

Projecting N inputs without considering the shifts in crop mix leads to biases in the
projection. Taking the ASame NUEO approach as
crops instead of crop specific NUE results in an overetitmaf 13 Tg N yr* (or 6%) for future
N inputs globally Table 22), and such overestimation is larger in regions with strong shifts
towards N efficient crops (e.g., soybean). However, this difference is lower than the difference

bet ween NDEOA&SaAadtet he ASame TMPO approaches.

The projected N inputs are not significantly affected by the potential different yield

response to fertilizer and ndertilizer inputs Appendix A, Note 4.3 andTableA5). When N
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fixation is assumed to be constant atal/ at the current level until 2050, the projections are around
7TgNyrt(or 3%) | ower than the N inputs projecte
all N inputs in the yield response curve. In contrast, when orlfixation followed the yield

response curve and the remainingriputs are assumed to stay at the current level until 2050, the
projectonsare 36 TgNy( or 13 %) | ower than the fASame TMPO

Table 22. Global N inputs (Tg N yt) for 2050 withdifferent approaches and their variants

Approaches Variants N inputs NUE N surplus
(Tg N yr?)
Baseline Baseline year 2006 145 0.45 80

Same NUE with crop mixes 207 [200 215] 0.49[0.47 0.50] 107 [100 115]
without crop mixes 220 [213 226] 0.46[0.44 0.47] 119[113 126]

Same TMP Oneparameter 268 [254 295] 0.38[0.34 0.40] 168 [153 194]
hyperbolic yield
response function

Improving Oneparameter 204 [196 229] 0.49[0.44 0.51] 103 [95 128]
TMP hyperbolic yield
response function

Note Using bootstrap resampling for 1000X; the values within brackets are 95% confidence intervals
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Figure 22. Projected countrjevel increase (decrease) in N inputs in 2050 relative to baseline year

2006 (average 2002007).Each box represents a country. Each country is represented by the
threeletter acronym following the definition of 1ISO alpBBacountry code (ISO 31686: 2013).

The horizontal lines in the box show the changes in projected N inputs from baseline, while the
width of the | ine shows the countryés N input
shows the distinctness between fASame NUEO and
are arranged in a decreasing order of their N inputs in the bagyelan. Key crop producing and

trading countries like China, India, USA, Brazil, Former Soviet Union (FSU), Argentina, and
Indonesia are among top contributors in the global N input of 100 Tg! Nutrof 145 Tg N yt

in the baseline year.

2.3.1. Regional N input differences
Most countries around the world project increase in N inputs from baseline year to 2050 across all

approaches used in this studiygure 2.2). India and Brazil may increase N inputs by 2@ (the

lower and upper bounds of projection désudrom different approaches) and1® Tg N yr!
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respectively, the top two countries with the largest increase in all tested approaches. But these
additional N inputs will be utilized at a very different NUE level, namely 023 in India and

0.450.57 in Brazil Appendix A, kgure A7). The USA, China, andrgentina are among the top

five countries considering the projection wit
but N input may reduce from the baseline level in China followingitHempr ovi ng T MF
projection. Despite the projection methods, the NUE in China and India are consistently lower

than USA, Argentina and Brazi\ppendix A, kRgureA7), suggesting the critical role of improving

NUE for reducing global N inputs and the urggmné accelerating the development and adoption

of nitrogenefficient agricultural practices (i.e., improved TMP) in these two countries. We further
note the critical situation in India, where NL
approachsuggesting the pace of TMP improvement in the past decades is not even sufficient to

keep the NUE constant.

Among the nine world regiorjg4], Asia accounts for thiargest fraction of global N input
for the baseline year (about 52%) and is also the region projected to experience the largest increase
in N inputs regardless of the projection methodoldggure 2.3). About 57% of the increase is
contributed by India.n comparison, SSA accounts for 3% of global N input for the baseline year,
but its projected increase i$28 Tg N yr!, about 174502% of the current level. SSA has the
largest variation in projected NUEs among all world regions, suggesting howviiMie adopted

in SSA is critical in determining the future N inputs in this redikB] (Appendix A, kgure A8).

Al most all countries and regions project t
TMPO approach, higher than both fASame NUEO
observation confirms thagnoring the diminishing return in yield response (i.e.fiifea me NUE 0O

approachmay underestimates future N inpots a national scale. Almost half of countries (about
19



43%, e.g., China and USA) show higher MPOWj| ect.i
approachlt indicates that these countries may improve NUE while reaching the target yield, if the

TMP keep the pace of improvement as the past five decades. But thecriairges (e.g., India

and Pakistan) show the opposite pattern, indicatingirtiq@ovement in TMP need to be

accelerated in order to increase NUE and achieve the target yield.
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Figure 23. Projected regiondevel increase (decrease) in N inputs from baseline year 2006
(average 20022007). Each box represents a region. The horizontal lines in the box show the

changes in projected N inputs from baselleile the width of the line showsthee gi on6s N i n
contribution in the baselineyedrhe f il 1l ed grey box shows the di
and Al mproving TMPO approaches. The countrie

inputs in the baseline year.
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2.3.2.  Crop specific N input differences
Across all the approaches used for projection, N inputs for each of the eleven crop groups are

projected to increase. However, the level of projected increase varies largely, attributing not only

to the different increases in production désy but also to the different projection approaches
(Figure24 ) . For exampl e, with the ASame NUEO appr
inputs by 13 Tg N yt, the highest among all crop groups, and it is mainly contributed by 80%
expansion in production | evel globally. I n cor
the highest increase in N inputs at the level of 26 TgN albout 98% higher than the projection

by the @ASame NUEO appr oac lion inlpmjectecoh inputa,she t o t
differences in NUE caused by projection approaches are smaller than the differences among crop
classesAppendix A, FgureA9): across all projection approaches, soybean has the highest NUE

at 0.730.81 (the lower and yger bounds of projection results from different approaches) in 2050;

the NUEs for rice, wheat and maize range from 0.35 to 0.53; and Fruits and Vegetables and Sugar

Crops showed the lowest NUEs at 0.04£0.

The projected i ncr e aosohisboysistertlehiglieStramtee ohddP 0 a
two approaches indicating the impact of diminishing return in yield to N inputs in projection.
Meanwhil e, the Al mproving TMPO approach proj et
classes except Fruigsmd Vegetables, Other Crops and Sugar Crops. It suggests that, for these three
crop classes, improving TMP at the pace of past five decades will not be sufficient to maintain
NUE with the intensifying production. Considering their current NUEs are alrémsdjowest
among all crop classes, this result highlights the urgency for accelerating the improvement in N

management for these crops.
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Figure 24. Projected cropevel increase (decrease) in N inputs from baseline year(20@6aged
2005 2007). Each box represents a crop type. The horizontal lines in the box show the changes in

projected N inputs from baselingyhile the width of the line shows theegi ondés N i n
contribution in the baseline yedihe filled grey box shows the distinclws b et ween A Same
and Al mproving TMPO0O approaches. The crop cl as

inputs in the baseline year.
2.4. Discussion

24.1. Are we being optimistic to assume constant NUE with increased crop
production?
The much higher projected N inputs from the

suggest that we have been optimistic about the future NUE by assuming it stays the same as we
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increase the crop production under the BAU scenario. On a farm scale, iedasvimlely
recognized that the yield response to N inputs gradually levels off as N inputs and yield increase
for a given farm and TMP levi80]. Applying this theory of diminishing return to a broader spatial
scale[59,63] suggests thaachieving the higher production level (i.e., higher yield) without
expansion in cropland area and TMP improvement results in decline in NUE. Besides increasing
yield on the existing cropland, crop production could be increased by expanding the existing
cropland at the expense of other land including natural habitat; however, when the expansion is on
marginal land, it is unlikely to achieve the same NUE and yield as the current level.

The shifts in crop mix towards moreefficient crops (e.g., soybean) reduce total N inputs,
but the reduction is relatively small when comparing to the difference in N inputs caused by
different TMP assumptions. Based on the crop production portfoliceqisn) by FAO[5],
soybean production (with world average NUE of 0.80; Zheingl [15]) will increase by 80%,
requiring less N inputs per unit of crop product than other crops. But the NUE increases due to the
expanding soybean is compromised by the continuous expansion of Fruits gathbes
production (with world average NUE at 0.14; Zhastaal [15]), which is projected to increase
more than 80%76]. In addition, the current increase in soybean production is mostly used for
animal feed, only a small fraction of which will kenverted to food producfg7], therefore, it
is important to recognize that improving NUE for the vehfolod supply chain is critical in addition
to improving the NUE for crop productigal,78,79]

2.4.2. Uncertainties in the projection

Three major sources of uncertainties were examined in this study. The first uncertainty was

associated with the parameters in the yield response function, and was gquanifieeported

along with the main result. The second uncertainty was associated with the choice of the yield
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response function format, and was evaluated by testing additional function forms. The use of
guadratic plateau function resulted in higher N isportojection than hyperbolic yield response
function (seeAppendix A, TableA4 ) . It Il eads to even | arger dif
and ASame NUEO approaches, supporting our con
diminishing returns on N input projectidmdeed, yield increases are not only limited by N inputs

andN management, but also affected by factors such as the availability of other macronutrients
(e.g., phosphorus), micronutrients, and water. Although our approaches do not explicitly express
these factors as parameters in the yield response functionyéhieypdicitly reflected in our yield

response functions since changes in these factors can shift the yield response curves (i.e., changes
in TMP). The third uncertainty was about the potential difference in yield response to fertilizer

and norfertilizer inputs and was assessed by varying the use of fertilizer ariéntitiner inputs

in the yield response function. However, no significant differences were found in the global as

well as the crop specific projectionsgpendix A, TableAb).

A survey of exsting projections for crop N inputs reveals large variations among studies
(Figure 2.5), which could be attributed to a range of causes, such as projeaihiods and
assumptions, the coverage of N inputs (total N vs fertilizer only), the baselinehgeprofection
year, and the coverage of crop classes considered\(eadix A,TableA6). Among all studies,

Mogollon et al.[55] and Lassalettat al.[40] are the only two studies to consider the diminishing
return in yield response. Their projection ap
TMPO ap pr lisstudy eespectively, &nd the projection results are about 12 T¢ ahgir

3 Tg N yr! higher than our results, respectively. The differences are mainly caused by their
approach to project yield response function) o 2050. The Mogoll6ret al.[55] projectedd

based on the relationship betwaerand Gross Domestic Product (GDP) for each wiatgion in
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their study, whereas we performed linear extrapolatiot #b project future yield response curve

and N inputs. In contrast, Lassaletthal. (2016) used the past three decades (182809) for
extrapolation of yield response curve, whilee wased the past five decades (Ii98115).
Additionally, they projected N inputs by considering aggregated crop production of 12 regions of

the world, while we projected it for each country and crop mixes combination. Other studies within
the Al mMPoviarpgpr ©® ac h, et a.[b& hndEismanstoab [B1], assume an

increase in NUE by 30% and 50% by 2050 relative to the baseline (1997 an@®7p&ssulting

in 107 and 100 Tg N N fertilizer inputs for cropland, respectively. Despite using different
approaches, their projectionrs ¢ i mat es are similar to our N fert
approach which is around 114 Tg Nyfassuming fraction of fertilizer in total N stay the same as

in baseline year). Cassma al. (2003) and Woockt al. [58] assaimed constant NUE in their
projection, but Cassmaet al.[57] was projecting for an earlier year 2025. Accounting for N
fertilizer i nputs onl vy, our projection in th
Cassmaret al. [57] and 6% lower than Woodt al. [58] . Despite the difference, almost all
projections are outside the N planetary boundaid&s80], and most of the predictions are
surpassing the uppeobnd of the uncertainty range for the planetary boundaries. Overall, this
study presents projections comparable to values in literature, and it is among the first to
systematically evaluate the impacts of yield responses under different TMP assumpticragpand

mix on N input projection.

In addition to these causes, discrepancies in projections could arise due to the uncertainties
associated with the data sources. Our analysis relied on the dataset complied by Food and
Agricultural Organization of the Urgtl Nations Statistical Database (FAOSTI®T]), but recent
studies have demonstrated that large discrepancies exist among different datasets for N budget
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estimates such as N in harvested ¢6869] We chose FAOSTAT as the primary data source for

this study because it has good spatiotemporal coverage, which is critical for the global scale
analysis in this study. Using the same database for the projection under different scenarios will
minimize the impact of different input data. However, furtheestigation on the discrepancies
among various data sources developed from different spatial scales is needed to address these

discrepancies and their impacts on the N input projection.
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Figure 25. Projections of N input from different studies along with the projection estimates from
this study. Each symbol shows different studies, while their fill color shows the estimates
corresponding to the approaches. If a symbol is filled entirely-fitiati), then the projections are

for total N (N fertilizer), respectively. Projections only for cereal crops are indicated by arrows,
while estimates which include all crop classes are not. The pink lines demonstrate the planetary
boundary (6282 Tg N yr?) of anthropogenic N inputs from fertilizer and biological N fixation
introduced into the earth system adopted from Steffen 3l The details of the projections

from these studies are Appendix A, TableA6.

2.4.3. Implications for crop N management
Crop N management is facing tremendasllenges in the next three decades. The

projections in this study suggest that N inputs will continue to increase by 59 Ty(INLgr Tg N
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yrifor N surplus and 0.49 for NUE) globally, even if TMP keeps improving at the pace of past

decades. To meetdlfood demand and bring N surplus back to planetary boundary, Zhahg

[15] proposed a set of NUE goals for countries and crops. Comparing to those goals, most of our

projected NUEs are stildl much | ower even witdtl

TMP improves at the pace of past decadAgpéndix A, Note A). For instane, NUE of China

(0.43), Brazi|l (0.57) and India (0.29) in the

than the NUE goals of 0.60, 0.70, and 0.60, respectivelyA{geendix A,FigureA7). Among the

11 crop classes, Fruits and Vegetables and SGgaps are those require the largest NUE

improvement to meet the NUE goals. Even the major cereal crops (i.e., wheat, rice, and maize)

have NUE (0. 50, 0. 44, and O0.53, respectivel y)

NUE goals (0.70, 0.60, and7®, respectively). The comparison indicates the priority regions as

well as crop types that require accelerated improvement in TMP development and adaptation.
However, even keeping the pace of TMP improvement is challenging in most countries.

For exanple, significant progress has been made in developing and adopting TMP in many

developed countries. USA and European Union (EU) have managed to increase NUE from 44%

in 1980s to 62% in 2010s while maintaining and increasing yield through adopting TMBRssuch

604 Rs 06 p[B3d] and imprévedscrop cultivar83]. However, sule improvement has been

heavily relying on market incentives (e frtilizer tax, subsidy for enhanced efficiency fertilizer)

in the USA and strong regulations at EU, and it is not clear whether those mechanisms will

continue to be effective in the comimigcades given the volatile crop and energy markets. In

contrast, SSA countries are still at the early intensification stage, with low N inputs and high NUE.

With projected increase in crop production, more N inputs and lower NUE are expected based on

the development trajectories exhibited by most developed and developing countries around the
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world [15]. Changing such trajectories for crop intensification in SSA would require yield iecreas
relying more on TMP improvement than input increase, which is challenging for least developed
countries with very limited resourcgsl,79] Continuously improving and implementing TMP is

also facing challenges in developing countries such as China and India, where inefficient use of
fertilizer has already led to various N pollution issues. Heavily subsidized fertilizer provides
limited incentives for farmers to adopt moredfficient TMP, although phasing out subsidies need

to be balanced with food security and social veeling concerns for rural communities.

In addition to the challenges in maintaining or even accelerating the momentum of TMP
improvement in countries, challenges also exist in the changing ecological conditions for cropland
around the world. Besides TMP, the changes in climate and soil casditen affect yield
response to N inputs. For example, increasing heat stress caused by global warming might stagnate
the yield of major cereal crops even after implementing management prg84c86]. These
impacts need to be assessed and addressed in future studies. These challenges for crop N
management are also accompanied by opportunities. There have been a wide range of TMP
available for improving N management on farms, and many of them are associated with low
implementation cost. In addition, governments and international communities lcaeasingly
recognized the adverse impacts of inefficient N use not only on ecosystem health but also on
human health and the econof®/], and consaggently, an increasing number of countries have
put forward policies and targets to curtail
growtho goal for fertilizer c (8B8.dmaipydespidhe set b
recent seback by the COVIB19 pandemic and the rise of deglobalization movements,
international collaboration and open sciesbaring will continue to help accelerating the TMP

improvement across countries.
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2.5. Conclusions

The approach for projecting N inputs under the BusiAesblsual (BAU) or reference scenario

by assuming NUE staying at the current level results in a much lower projection in N inputs than
the projection considering the diminishing return of yield to puts under the same Technologies

and Management Practices (TMP). The optimistic projection by the constant NUE approach can
be potentially achieved by keep improving TMP at the pace of past decades, but sustaining the
improvement faces multiple challengeach as climate change. In addition, even with the
optimistic projection of keeping NUE constant or steadily improving TMP, N inputs and N surplus
are projected to increase by 2050, and projected NUE is lower than the NUE goal set for meeting
the dual chaénges of food demand and N pollution by 2020, further highlighting the urgent need
for accelerating the development and implementation of TMP around the world. The comparison
among N inputs projected with different approaches in this study demonstetegtrtance of
assumptions made in BAU scenarios, and also highlights countries (e.g., India, Brazil, and
Pakistan) and crop classes (e.g., Fruits and Vegetables, and Sugar Crops) that need to be prioritized

for improving NUE and TMP.
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Chaptledre hN3y:i ng spatiotempor al patter
associated drivers

Sudden reductions in crop yield (i.e., shocks) severely disrupt the food supply, intensify food
insecurity, depress farmers6é wel f dnthéschapeend wor
we study the spatiotemporal patterns of wheat yield shpgkantified by lower quantiles in yield
fluctuations,in 86 countries over 30 years. Furthermore, we assess the relationships between
shocks and their kegcologicaland socioecasmic drivers using statistical and machine learning
techniques of quantile regression. According to the findings, the severity of yield slastleen
increasing globally since 1997. The severity of yield shatkarge yieldlossescorresponds to

higher extremeweatherstress,nitrogen fertilizer application rate, and gross domestic product
(GDP) per capita. Tteeunexpected relationships shockswith fertilizer application rate and

GDP per capita suggest that the focus ofdlesdvancebas beemrimarily on achieving higher

crop yields instead of lowering the possibilayyd magnitudeof sharp yield reductions. This
indicates a risk to the crop production and supply systems particularly under climate change and
increadng fertilizer useHence, the findings suggeketcritical needadevelop futurgechnology

and management practidesmitigate yield shocks
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3.1. Introduction

To meet rising food demand and ensure food security, increasing crop yield over the long
termhas been the focus of agricultural produc{@in However, large yeao-year fluctuations in
crop yield pose a significant threat to global food security. THhieséuations, if not within
manageable limits, can trigger a cascade of effects on global food sy@8 s particular, large
and abrupt reductions in yidl compared to its average level can result in shastafjerop
product s, reduced far mer so i ncome, i ncreased
resilience of food supply, and a surge in food pri@¥% 92]. Such a sitation is concerning for
countries that are unable to absorb the shocks due to low economic and biophysical capacity,
particularly those countries that rely on a handful of export countries. Asdtlection of anajor
commodity concentrates in a few regally specialized countries, simultaneous failure of
production may become more likely, due to rising future vulnerabilities in the face of climate
change and extreme weatti@b,89,92] There is a need to understand the historical patterns of
severe yield shocks to reduce cmypduction volatility caused by them.

While many studies have characterized spatiotemporal variations in crop yield, few have
focused on yield shocks. The yield variability is primarily measured using statistical dispersion
indicators such as the coeffinieof variation (CV) and standard deviation (SBjppendix B,Note
B1). Implemented at multiple spatial scales (regional to global), these indicators include both
positive and negative deviations of crop yield from its average. However, large negatatedsvi
are of disproportionately higher concern due
amplified productiorrelated risks. These negative deviations are most felt by the world's poor,

who spend 5/0% of their income on food93]. Hence, to address the global food security
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challenge, an wileph investigation on the spatiotemporal patterns of shocks and their drivers is
critical.

The majority of current yield shock analysesfaruse a relative scale, defining the shocks
using the lower percentle of normalized vyield anomalies ®'QQANIQQ XD & i
0 1) 'Q e TRACKH )J18,94,95] Although the normalization reduces dimension dependency
and allows for crossegion comparison, it conceals the actual magnitude of shock. In fact, the size
of a shock is required to assess the time and resources needed to recover from shocks while
mai ntaining a c[@06ltryds food supply

Among the studies that investigated shoakrivers, many fall short in quantifyinthe
effects of the drivers. Crop production is extremely sensitive to environmental conditions,
especially climate and extreme weatf&n4,46,95,97] but yield variability is also affected by
other factors. A detailed global shock assessment conducted by Cottrel[2&] showed that
approximatelys0% of the crop sector shocks occurred due to climatbveather eventayhile
the remaining portion of shocks mostly happened dumismnanagementeconomic factors,
geopolitical eventspolicy change, and other unknown factors. This demonstrates that, in addition
to extreme weather and climate, there are other sources of yield shocks that can impact crop supply
and stability. In the though investigation by Cottrell et dR5],t he dr i ver sd asse:
gualitative, and their effects remained unquantified. Quantification of these effects is required to
assess the shock risk in various countries and inform actions to reduce shocks.

Therefore, using wheat as an example charaterize yield variability for countries
around the world during 1972014 with multiple indicators, including the indicators focused on
yield shocks. The indicators of yield shocks are defined as the lower quantiles, such as 1%, 5%,

and 10%, in the yieldldctuations. Then, we develop statistical and machine learning quantile
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regression models to investigate the efewft ecological (e.g., extreme weather stress) and
socioeconomic (e.g., gross domestic product (GDP) per capita) drivers on the yield $hecks.
guantile regression approach enables us to concentrate on the lower quantile of crop yield
anomalies and assess the impact of various drivers on sfe@tKk94]. By performinga global

analysis on wheat yield shocks and their associated drivers, this study advances previous research
on quantifying yield variability and shocks, as well as their drivers, and discusses their implications

for food security.

3.2. Material and Methods

3.2.1. Data sources
This study examined the relationship between yield shocks and their drivers using panel data from

86 countries for the period of 1979 to 2014. We derived the crop yield shocks from wheat yield
(kg N ha! yrY) representing nitrogen (N) ithe harvested crop from the Global Database of
Nitrogen Budget in Crop Productigid5]. The wheat vyieldis expressed in kg N Hayr?,
considering the protein provision by per lagetof wheat plantation. This yield variable a
multiplication of yieldlevel and N content of cropwheat. Therefore, the spatial and temporal
pattern of this yield variable is the same as that of yield measured by kg*hahe major drivers
included extreme weather stress, GDP per capita, percentage value of agriculture in GDP (i.e.,
agricultural GDP), N fertilizer application, and percentage area irrigated. Faldbows the data
sources and spatiotemporal resolutiofihe drivers. We also listed the hypothesized relationships
of drivers with shockand underlyingmechanismsn Appendix B,TableB1. The analysis was
carried out for countries with at least ten years of wheat yield redeudhermore, we eliminated

those country and year combinations with missing data in either of the collected datasets. Countries
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that split or merged during the study period were analyzed as a single region (e.g., the Former
Soviet Union).

Table 31. Data types and sources of variables used in the analysis

Data Data source Spatial scale  Temporal scale
Weather: ECMWEF[105] 0.7 19792014
Maximum

temperature

Minimum

temperature

Total daily

precipitation

Crop presence:

Harvested area (ha Monfreda et al[106] 5 arcmin 2000

Crop calendar Sacks et al107] 0.7 1i 365 (day of
year)

Nitrogen Zhang et al[15] 86 countries 1979 2014

fertilization (kg N

hatyr?)

Nitrogenyield (kg  Zhang et al[15] 86 countries 19792014

N hatyr?)

Area equipped with FAOSTAT[108] 86 countries 19792014

irrigation (1000 ha)

Cropland area FAOSTAT[108] 86 countries 19792014

(2000 ha)

GDP per capita World Bank[109] 86 countries 19792014

(2010 USD)

Agriculture, World Bank[109] 86 countries 19792014

forestry, and
fishing, value addec
(% of GDP)

Both climatic and noitlimatic factors were examined as drivafsyield shocks. For
climate variables, we chose extreme weather stress as it has been shown in the past to adversely
impact crop yield and food security. Under the category ofaliomatic drivers, we considered
four factors (i.e., N fertilization, area eagped for irrigation, per capita GDP, and percentage value

of agriculture in GDP). While there are numerous otherclonatic factors that can cause shocks,
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these variables were selected because of their strong retaptmcountrylevel crop yields, igh
data quality, and low collinearitpmongthem (AppendixB, Figure B7 and Table BB We
discussed the uncertainty and limitations of the unconsidered variables in the discussion section of
this chapter
Extreme weather stress
To evaluate the extremeeather stress during the growing perioéofop, we developed a range
of crop-specific extreme weather indicd810]; AppendixC, NotesC3 andC4). These weather
indices have been used to quantify the weather conditions that are outside the optimal crop growing
conditions[111,112] The indices were derived in a fagdep process. First, daily temperature and
precipitation data within the wheat growing season (based on the crop calendar map) were used to
calculate 17 weather indices for eaclugell and each year from 1979 to 2014. Second, using the
gridded harvested area as weights, we aggregated each of the 17 weather indices to national scale.
Third, to reduce the dimensionality and avoid collinearity of the weather indices, we applied
principal component analysis (PCA). With the heuristic elbow method, we selected the first two
principal components (PCs) that represented heat and cold weather stresses in a country. Fourth,
within each PC, we selected the dominant weather indices usimgbtihwe method. Finally, we
calculated the extreme weather stress for each selected PC as a linear combination of the selected
weather indices, weighted by the estimated contribution of the weather indices in that PC. We
hypothesized that higher severity sliocks corresponds to higher weather stress in a country
(AppendixB, TableB1).
Gross domestic product (GDP) and agricultural GDP

The GDP per capita (2010 US$) indicates the level of a country's economic development

and technological advancemerte GDP per capita involves the investment in fertilizers,
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management practices, and machingrd3,114] We included GDP per capita as one of the
potential drivers in the analysis because we consider technological improvement is one of the
critical factors to reduce yield shocksurthermore we consideredhe percentageshare of the
agricultural sector in tal GDP, whichindicates the contribution of agriculture to the economy of

a country by producingoods andgenerating labor and capit&le hypothesized that higher GDP

per capita and agricultural GDP correspond to smaller yield shocks and higherettgp yi

Nitrogen fertilizer application
Fertilizer is a regularly used input in the field by farmers to boost crop yield, influence grain protein

concentration, and achieve yield stability. We hypothesized that higtiertilizer application
results in lower yield shocks and higher yields. Milfeer application (kg N hd yr?), obtained
from Zhang et al[15], is the N fertilizer used on cropland at the country level.

Irrigated area
The establishment of irrigated facilities in a region tends to reduce the impact of climate variation

on yield and, thus, theeverity of shock$113]. The fraction of cropland area equipped with
irrigation was used in this study to quantify the role of irrigation in alleviating yield shocks. The
percentage irrigated areaf® is the ratio of the land area equipped with irrigation (AEI) and the

cropland area (CA)

0 Qi HQED b W ORI h“ (3.1)

whereA E | i ncl ud eqgsippedHoe fullicantrad ierigation, equipped lowland areas, and
areas equi pped [1fl5 The supsaript® &arid® irepresent the courtiry and year,
respectively.The selection of AEI in this study is due to ltigh data qualityand coverage of
majority of countries compared to other couriyel datasets representing irrigated geg.,

wheatspecific irrigated area from AQUASTA[L16]).
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3.2.2. Quantifying yield shocks
To quantify yield shocks, we chose lower quantiles (i.e., 1%, 5%, and 10%) of yield fluctuations,

which have been used to investigate extreme yield Id46¢384,95] More specifically, in this
study, a twestep approach was adopted to quantify yield shocks. First, we detreadhd
country's wheat yield time series using a locally weighted regression apptdachl8) (see
AppendixC, Note (5; [110]). Later, in quantile regression modédlsgse yield fluctuations were
used as the response variable. Second, the lower quantiles of the fluctwatiersalculated to
guantify yield shocks per country and spdriod. We visualized these lower quantiles to describe
thespatial and temporal pattes of the shocks (AppendB NoteB4). Following these definitions

of shocks, the hypothesized relationships of shocks with drivers are in SI Appendix, Table S1.
Following these definitions of shockthe hypothesized relationskipf shocks with driverare in
Appendix B,TableB1.

3.2.3. Modeling the effects of drivers on yield shocks

Linear quantile mixed model
The linear quantile mixed model (LQMM) was chosen to investigate the relationship between

yield shocks and drivetsecause of itpopularityin food security and agricultural studies, as well
as its ease of regressing drivers on quanfilé8i 121]. It is based on the parametric quantile
regression approachwhich is an extensiowf linear regression to analyze the conditional
distribution of the responsén addition to the existing features of quantile regression, LQMM
providesa flexible framework to include random intercept and random slopes. In this study, only
random interceptvasusedatthe level of the country

w T @ T (32
where® represents is thémuantile of yield fluctuations, covariatésinclude heat stress, cold
stress, N fertilization, per capita GDP, percentage value of agricultural GDP, and percentage
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irrigated area"Q pfB A ,| andf are fixed intercept and slopés,is random interceptp

plB BIP & 0 a Q¢ 6l £'@Nis random error, andrepresents the yeaWe used the R
package Igmn{122] to fit LQMMSs. For séecting significant covariates in LQMM, stepwise
regression was used with a forward selection approach.

Quantile random forest
Quantile random forest (QRF), a machine learning method, was adopted as a complementary

nonparametric approach to validate the resulth@f. QMM analysis Unlike LQMM, the QRF
assessesonlinear relationships between the shocks and their drivers. Thekages grf123],
ranger124], andMML [125] were used to fit the modelsadisplay partial dependence plots. To
assess the statistical significance of the covariates in QRF, we used the 95% simultaneous
confidence intervals (SCIs) for the proportions of times each covariate was selected for making a
split in the QRF trees. Cowmatesfor which the lower end of the SCI was above zewre
considered statistically significanFurthermore, we assessed the importance of the covariates
based on thproportions thatvereused for calculating SCI

Assessing modgberformance
The model performance was evaluated in a evasidation study.The crossvalidation was

repeated 100 timesvith 70% of the panel datandomly selectetbr trainingandthe remaining
30% for testing the models. The performance of each medglevaluated using the quantile

weighted error$126]:

0 Yo@ —B " w "Qn (3.3)

where¢ is the number of observations, is the observed valueX) £ represents the predicted
guantilesy) is the quantile, antl is the quantile loss function:
"0 n O ¢ (34)

A higher value of ATWE indicates higher error, while lower value shows low error.
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3.3. Results

3.3.1. Historical trends of crop yield variation
Although wheat yield has been increasing globally, the variation of whelt khias either

increased or stagnated, and yield shocks have become more intense. The results show that SD has
increased globally (Fige 3.1a), while CVhasdecreased in some of the countries (Fé$.1b).

Based on the lower quantiles @étrended yields, the negative shocksobee more severe (see

the leftward shift of thelensitycurves inFigures3.1d-f).

The general pattern of SD and CV observed on the global level still holds for most countries
with some exceptiad(AppendixB, Figures B1-B5). The yield variations measured by SD and CV
appear to be increasing in European and African countries. In these two ragiewssountries
experience substantial variation over tinmeluding Namibia, Chad, Niger, Sweden, France, and
the Netterlands (AppendiB, Figures B1 and B2. The same countries aléacelarge negative

shocks (i.e., very low 1% quantile) from 1997 to 20Aggendix B Figure B3.
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Figure 31. Shifts in the distribution of yield variability over time, quantified with different
indicators (panels-§. The xaxes show the values of the indicator in kg N ha! except for the
coefficient of variation that is dimensionless, whilaxes show the distribution density. Each
colored line shows the distribution per suériod.
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3.3.2.  Historical trends of major drivers
For thesix drivers tested in this study, they show distinct historical trends across income groups.

Based on the World Bank classification, our analysis includes 29itégime, 20 uppemiddle-

income, 23 lowemiddleincome, and 14ow-incomecountries out of 86 amtries (AppendiB,

Table B4. Among these classifications, heat stress is lowkiginincome countries compared to
remaining income groups (Appendi Figure B9. Meanwhile, N fertilization rate is highén
high-income countrie§AppendixB, Figure B11) The agricultural GDP in thieigh-incomegroup,

on the other hand, is the lowest (AppenB8iX-igure B13. Despite the fact that countries in other
income groups have high agricultural GDP, the overall trend of agricultural GDP shows a decrease.
Furthermore, with the exception laiw-incomecountries, the irrigated land area has increased in
lower-middleincome and uppemiddleincome countries over the years, while higbome

countries have shown little change (Apper8j¥igure B13.

3.3.3. Influence of drivers on yield shocks
The results from both QRF and LQMM shotat higherextreme weather stress

corresponds tmore severgield shocks for all three selected shock levels (i.e., quantiles 1%, 5%

and 10%; Table .2 and Figires 3.2ab). This finding is consistentwith the hypothesized
relationship (AppendixB, TableB1). Besidedinear relationshipobservedfrom LQMM, the

QRF, which is used as a complementary approach to LQMM, captardinearitiesbetween

shocks and weather streBarther exploring the partial dependence plots from QRFu(Eig2a),

we find that countries with heat stress between 3000 and 6000 show less severe shocks compared
to other heat stredevels The majority of countries in this range of heat stress ama 8ab

Saharan Africa, the Middle Easind Latin America. With the increase in heat stress (greater than
6000 and less than 9000), the majority of shocks are sekalifiddle Eastern & North African

region In addition to heat stress, it is fouthét the severity of shocks increases with the increase
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in cold stress, especially when cold stress is around 2000r¢ld@b). The sudden drop in yield
due to higher cold stress is mostly found in European and Eurasian countries (such as Denmark,
Hungay, and Norway).

Table 32. Estimated coefficients of the LQMMs for 1978014 for the three quantiles

Driver Quantile
1% 5% 10%
Heat stress -1.86 x 18 -8.24 x 10¢ 542 x 16¢
(3.35x10%)  (1.18 x 16%) (7.57 x 16P)
Cold stress o -4.94 x 16¢ -3.68 x 160*
(1.83 x 10 (1.57 x 10
GDP per capita -3.41 x 1¢¢ -2.34 x 10 -1.74 x 1¢¢
(4.22x 1)  (1.76 x 16F) (2.19 x 109)

Note: LQMM: linear quantile mixed model; the values in square brackets are the standard errors.

Thehigherper capita GDRs associatewith thesevere yieldshocks in both the QRF and
LQMM. This finding refuts the hypothesis that higher GDP per capitantriestend to have
bettercrop managemerand more resources and technologies availabseilting inless intense
shocks(See mechanism of impact in Appendix B, Table.Ba)rther investigation of théata
driven relationship from QRF (Fige 3.2d) reveals that countries with lower per capita GDP face
less severeshocks compared to higher per capita GDP. However, exceptions in higher GDP
countries exist whera slight reduction in shocks is seen. Thesentries include the USk
2006 2007, Canadan 2012,and Swedein 2004 when their per capita GDP was in the range of
47,000-:50,000 US$.

Il n contrast to per capita GDP, agriculture
association with the yield shocks. The magnitudshaicksat all levelsof quantilesreduces by
the order of 2 kg N htyrtwith theincreaseirm g r i ¢ u | ttibutiorecdGOP inceeases (Fige
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3.2f), except for a few extreme cases which show a sudden drop in shock (1% gbehitit®n
40i 50% of agricultual GDP, mostly due to Chad and Niger in the Ssi@haran Africa region.
Similar to per capitaGDP, higher N fertilization alsocorresponds to severghocks.
Maj or ity o ffertiizer applicatidn eats Gang@&lfrom0 to 300 kg N ha yr! (i.e., grey
shaded arem Figure 3.2%. According to the QRF model, the severity of yield shocks increases
across all quantiles in that range of N fertilizatidine largest drojn shocksaround 200 kg N
ha' yrtis majorlydue to Bulgaridn 1983 Only a few countrieshaveapplication rate greater
than 300 kg N ha! yr'. Among those countriedreland and the Netherlandse primarily
responsible for the large shack
The irrigated areaxhibitsa nonlinearrelationship withyield shocks.For countries with
anirrigated aredess than 25%&nincrease in irrigated area is accomparbga reduction in the
severity of shockdn contrast, forcountries that heavily rely on irrigation (e.g., irrigated area is
larger than 50% of cropland area), higher irrigated area is associated with moresbec&ee
Furthermore, watestressed countries such as Egypt and Iraq are primarily responsible for extreme

cases (i.e., 100% irrigated area) where shock severity levels off.

42



— 10% = 5% 1%

(a) (b)

T T -5.0
> -5.0 >
: z
= Zz =15
g -7.5{ g
2 2 -10.0
8 8
.5—10.0 <
ki 5 —12.5
2 °
>-125 >
0 3000 6000 9000 0 2000 4000 6000
Heat stress Cold stress

(c) (d)

1
=S
o

Yield shocks (kg N ha“'yr)
1
<) &
Yield shocks (kg N ha“'yr)
X i
) @
o
(=]
o

0 200 400 600 0 25000 50000 7
N fertilizer (kg N ha'yr?) GDP pc (2010 US$)

() v (f)

Jﬁf/’v:w:q

0 25 50 75 100 20 40 60
Irrigated area (%) Agricultural GDP (%)

Figure 32. Partial dependence plots resulting from quantile random forest (QRF) for three chosen
shock levels in 1972014. The yaxis indicates shocks, whileakes show the drivers. The gray
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3.3.4. Different importance of drivers
Among all tested drivers for yield shockisettop three most importaohesincludeheat stress, N

fertilizer, andagricultural GDP. While these threelrivers remairamong the top threacross all

guantile levels tested in this study, the rankings of these three drivers are slightly different
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according to the QRF ranking approach (ApperliFigure B8. The ranking result for shock
corresponding to 1%ugntile isheat stress, N fertilizer, and agricultural GDP. Similar patterns are
seen for 5% shock level, bdk fertilizer ranked first andheat stress ranksecond At the 10%
guantile heat stress ranks first, followed lagricultural GDP andN fertilizer. Cold stress is the

least dominant factor among all shock levels, with percentage irrigated area ranking second last.

This ranking result highlights the most important factors thatrdarencethe severity of shocks.

3.3.5.  Model performance
In the crossvalidation study, we find that the QRF outperforms the LQMM in predicting shocks

(Table 3.3). This demonstrates the ability of QRF to capture nonlinear relationships between
shocks and driverthatare not modeled in LQMM due to restrictive lineasw@asptions on the
shapes of relationshipsurthermorejn crossvalidation LQMM does not show significance for

the majority of driverexcept for heat stress, cold stress, and GDP per capita. In the QRF model,
however, all of the considered drivers agngicant.

Table 33. Averagequantileweighted absolute error (ATWE) obtained from QRF and LQMM
for three quantiles from 100 cresalidation runs

ATWE (kg N hatyr-t)
Quantile LOMM  ORF

1% 0.21 0.16
5% 0.57 0.52
10% 0.87 0.83

Note: QRF: quantile random forest; LQMM: Linear quantile mixed model; ATWE in the table are the average cross

validated errors.

3.4. Discussion

3.4.1. Increasing severity of yield shocks and variations in yield
A variety of indicators have been used to quantify the-tegear yield variation, buthese

indicators depict very different pictures of yield stability. For example, in this study, we tested
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three indicators, namely CV, S@nd lower quantiles (1%, 5%nd 10%) of yield anomalies.
While CV indicator suggestan increasein stability of wheat yields over timeSD and lower
guantiles suggesinincrease in variation and intensity of shocks, respectively.

Among these indicators, CV and SD use both thatigesand negative deviations in the
crop yield fluctuations to assess the variation in wheat yiéld different historical trends of yield
variability depicted by CV and SBre mainly caused by the increasing average yield. Overall, the
assessment of SBmphasizes the yield variation in the absolute term, while CV emphasizes the
yield variation in a relative term as it is normalized byaherageyield level for the country during
a certain periogil6,23]

In contrast to these two indicators, lower quantiles quantified the negative deviations in the
crop yield. The negative deviationdemonstrateéhe reduction in crop yield and the subsequent
severe impact on the two critical damsions of food security (i.e., food availability and food
stability). In particular, weechoselower quantiles (1%, 5%, and 10%) of yield anomaéiesan
indicator of variatiorbecause they show extreme drops in crop yMhy countries show a slight
increa® in the severity of shockmeasured by lower quantile$his could be of concern for
reaching potential food demand targets by 2050 when the population is expected to rise by 9 billion
[4].

These findings demonstrate thhé indicators used fayuantifyingyield variationsneed
to be selected basenh the scope of the study and the emphasis on food security. SD and CV
couldbe usedo quantifythe overall historical variationsf crop yield while the former indicator
emphasize absolute changes and the latter emphasize relative clivwesger, indicators such

as lower quantiles that emphasize specificaliylarge reductionsi.g., shocks) might assist in
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introducing strategies to mitigatee potential occurrence of shocks and recover from them in

order to maintain food supply and ensure food security.

3.4.2. The need to address yield shocks besides achieving higher yield

Although the relationship between shocks and extreme weather stressisgterrwith studies
that reportedthe sensitivity of crops to weather stress during the growing stage of crop
[25,97,98,127129], the association of shocks with the GDP and N fertitizeis unexpected. The
results suggest that the severity of shocks increases with the increase in GDP and N fertilization.
Further investigation of these relationships using income classification reveals thatdoigie
countries with high GDP are assateid with higher use of resources that enhaield (like N
inputs that boost yield, for example). Even wallich resource these countries are subject to
severe shocks, demonstrating that advances in agricultural production technology and
management appaches are primarily focused on achieving higher yields rather than reducing the
severity of yield fluctuations, particularly shodidd.3,130]

Contrary to per capita GDP, the severity of shaakiserreducesor stays the samaith
the increaseén the percentageshare of the agricultarsectorin GDP for majority of countries
Except for highincome nationsagriculture accounts for a sizable portion of GDP across the
remaining income classeSuch a substantial contribution of agriculttw&DP demonstrates the
importance of agriculture in the ecany, especially in developing countrifis31]. Despite the
relianceon agriculturedeveloping countriebavelesstechnological support anare frequently
subjecedto extreme weather streskhis indicates a potentialljifficult situation for future food
security.

In terms of policyour findings suggesthe urgent needs to guiddilization of resources

(e.g., fertilizer, labor, energy, irrigation, land), investment in technology and management
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practices,and credit expansionnitiatives from a focus on yield enhancemdnt reduing the
severity ofyield shocks and theiconsequential impacts on food securi®ther adaptation
strategies include invesg in climate smart agriculturfd 32], diversfying production and supply

to avoidoverrelianceon a few sensitive cropfr production and consumptid®7,133] and
planting drought tolerant crodd34]. These adaptations can minimize negative repercussions
beyond the farm level inountriesthat occur due to shocks (i.e., unemployment, migration, and

conflict) [96,135]

3.4.3. Limitations and future research
Besides the six drivers tested in our modeling analysis, there are other factors that may contribute

to yield shocks. In addition to the six drivers, we examined a range of socioeconomic and
ecological drivers, such as warfare &adilizer prices. We checked their data quality and possible
collinearity amongthem (AppendixB, Note B§. We find that datare available fowvarious
socioeconomic driverglobally, but many countries lack ttp-date data (Appendi®, TableB3).

For example, fertilizer price is one of the determinants that has a monumental infingnelel

shocks duetoitsroleimf ar mer 6 s deci sion to purchase fert.i
have either zerinflated data or missing values. Siarildata constraints are observed when
accounting for other variables such as agricultural machinery, refugees, and warfare. Other
socobeconomicvariablege.g., employment in agriculturaje available, buarecollinear withthe

variables already included our models. For example, employment in agriculture was not used in
the models because it strongly correl ated wi
covariate in this studydence, those variables were not considered in the modeling anklytsise

research is needed to incorporate these collinear variables in a systematic manner to improve the

assessment and prediction of yield shocks. A few different ways to incorporate them include
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principal component analysis and causal inference mo@gisaccounting for the excluded
variables, thexisting analysisfovheat yield shocks could be strengthenddreover, his model
can beappliedto other crop classes. Such refinement in the current analysis will imptove
understanding aheresilience of global food systems and food security.

3.5. Conclusion

Our workshowsthat wheat yield shocksneasured by loweguantiles (1%, 5%and 10%,) have
becomemore intense in the past decades. domparison,standard deviatioffSD) showsan
increase in variation over time, whiteefficient of variation (CVshows adecrese in variation
andanincrease in stabilityThe regressioranalysisshows an increase irthe severity ofshocks
with the increase in extreme weather stress, GDP per capita, and nitrogen fertilizationt while
decreases with the increase in agricultural GCHe associationf GDP per capita and fertilizer
application with shocksuggestghat the improvement otropping systemshas beermostly
focudng on increasing yieldnstead ofmitigating intense shocks. Ouindings highlight the
importance ofincluding historical assessent of shocksand their driverswhen evaluating

adaptive mechanisms at a national saalerderto improve the resilience of global food systems.

48



Chaptlenrveds:iti gating the global wheat
extreme weashaechsbness gneéld fluct

Extreme weather poses a major challenge to global food security by causing sharp drops in crop
yield and supply{Chapter 3) International crop trade can potentially alleviate such challenge by
reallocating crop commoditie§o understand the mitigating potential of international trade, in

this chapterwe use the international wheat trade network, develop two netvasdd covariates

(i.e., difference in extreme weather stress and gkaort synchrony of yield fluctuatiorisetween
countries) and test specialized statistical and madbar@ing methods. We find that countries

with larger differences in extreme weather stress and synchronous yield variations tend to be trade
partners and with higher trade volumes, even ad@mtrolling for factors conventionally
implemented in international trade models (e.g., production level and trade agreement). These
findings highlight the need to improve the current international trade network by considering the

patterns of extreme weahstress and yield synchrony among countries.

AExtracts of this chaptareavailable inVishwakarma S, Zhang X, Lyubchich (2022. A Wheat tr ade
tends to happen between countries with contrasting extreme weather stress and synchronous yield
v ar i a&ommumications Earth & EnvironmeDOI: https://doi.org/10.1038/s432422-0059%7
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4.1. Introduction
Extreme weather events, such as drought, flood, and heatwave threaten food security from regional

to global scales through the resulting sharp decline in the availability, affordability, and adequate
utilization of food[136,137] During 20032013, extreme weather events have caused marked
damage of USD 30 billion to agtiltural productivity[138]. Crop production was impacted the
most, with yield reduction38i 142] introducing price volatility in the food syster{is36,143]
affecting food trade, the welfare of farmers, and economic development, especiallyimcdone
or importdependent countrig$36,144 146].

International crop trade can potentially alleviate the negative impacts of extrestieer
events on food security by exporting food commodities from surplus to deficit reldidnk
Currently, international trade accounts for 23% of the global food supply for humans through
maj or food commodities. Wheat, a crmepds,wassent i
produced at the rate of 683 million tonnes annually and 147 million tonnes was traded globally,
accounting for 22% of the crop trade (in caloric content) in Z0@8 150]. However, a heavy
reliance on imports from other countries or the global market may expose a country to the yield
and market variations outsidsef t he countryds jurisdiction and
risk to the countryds food supply. For examp!
restrictions for wheat, led to a wheat shortage and price spike in the Middle East, whéri@ over
of the wheat supply is from Russia, and potentially contributed to the destabilization of the region
[38,144] A simultaneous drop in yields of major exporters may disrupt the global trade network
and food supply, and a synchronous yieldtflation between trade partner countries may further
exacerbate the problem. Therefore, the controversial role of international trade in addressing the

food security challenge is associated with patterns of extreme weather events and yield
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fluctuations; howver, such associations remain poorly understood and require-depti
investigation151].

The occurrence and volume of the trade between countriebbameoften investigated as
results of comparative advantages in producing food commodities (e.g., more efficient use of water
and land resources), as well as many socioeconomic factors such as geographical proximity of
countries, population, agriculturalrq@uctivity, language, contiguity, level of economic
development, and trade agreemdm&?i 156]. Severarecent studies have evaluated the impacts
of climate factor$153], but most focus on the average state of the climate, such as annual rainfall,
annual evapotranspiration, and annual temperglits®,157,158] Many studies have examined
the impacts ohatural disastefd59,160] most of which are quantified based on deaths and losses
due to rare events liklood or droughf161] and are not specific to thepacts of extreme weather
events on crop productigiil1,162] Only a few studies westigated the impacts of extreme
weather stress and synchronous crop yield fluctuaf®n92,163,164]but their focus was on the
impacts on food price fluctuations or trade volumes for individual countries, and not on the changes
in the bilateral trade network.

In addition, the investigation of drivers for trade links has been limited to statistical
approaches that were not designed to handle complex network data or derbeeiveata
relationships. Prior research of the potential drivers used regression models that imiiptee mu
restrictive assumptions on the shapes of relationships (e.g., lineéindag or loglog) and data
distribution [158,165 169]. These regression approaches focus on modeling the attributes of
network vertices without considerinige structure of the network. In contrast, network analysis
emphasizes both the vertices and structure of the network; thereby, it is capable of handling

complex relationshipfl70,171] Only recently, the statistical expential random graph models
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(ERGMSs) have been used to investigate the relationships between international trade links (or
volume) and their potential drivefd56,172,173] The ERGM has proven to be superior in
capturingzercinflated trade volumes and complex trade patterns (e.g.;fag relations and
clustering), compared to traditional approacHés5]. However, these recent studies still impose
parametric assumptions and are not flexible enough for modeling highly nonlinear relationships.
Despite the success of machine learning approaches such as random forest (RF) in handling large
volumes of complex data and deriving nonlinear relationshin® fihe data, such dathiven
approaches have been rarely utilized in trade andll/s4.

To address these knowledge gaps, we proposed nebasdd covariates for studying the
international trade network of wheat along the period from 2005 to 2014 using modern statistical
and machine learning models. In addition to commonly usegdagigoal (e.g., contiguity) and
economic (e.g., regional trade agreements) factors, two netvasgd covariates were developed
to characterize the extreme weather stress and yield synchrony, namely the difference in extreme
weather stress (DEWS) and sheerm synchrony (STS) of crop yield anomalies between
countries.The DEWS network, derived using principal components of weather stress indices (see
Methods), quantifies by how much the weather stress in an exporting country is stronger than the
stress imn importing countryThe STS network is represented by the correlation of fluctuations
in crop yield, where the fluctuations are defined as deviations from the current average yield. The
STS allows us to quantify how strongly the deviations of yieldsn@a country correspond to
similar deviations in other countries. A positive STS indicates synchronous fluctuations, while a
negative STS indicates asynchronous fluctuatittsing the two networbased covariates, we

hypothesize that) Higher weather stss difference (i.e., higher DEWS) leads to higher import
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volumes and likelihood of trade partnerships, and 2) Countries with synchronized yield anomalies
(i.e., positive STS) are less likely to trade or have lower trade volumes.

To accommodate the compigxand network structure of the data, we applied ERGM and
RF to model trade linkages and volume between countries (see Methods section for details). The
ERGM was selected as the most suitable statistical method, and RF, being one of-the best
performing mahine learning techniques, was selected as a nonparametric alternative for
benchmarking the results. We compared the performance of ERGM and RF iaalidason for
different types of networks, which highlighted the strengths and weaknesses of @izt
methods.

The analysis reveals that the current wheat trade network tends to have partnerships
between countries with more synchronized yield fluctuation, exposing countries to synchronized
yield failure. In addition, our models show that countrath larger differences in extreme
weather stress tend to have higher import volumes and more trade partnerships. Therefore, this
study suggests the need to consider extreme weather stress and yield synchrony in the design of

trade networks to improve tsability and fairness of the global food system.

4.2. Material and Methods

4.2.1. Weather, wheat yield, and trade data

Major datasets used in this study include daily weather re¢p@8g, annual wheat yielftl5],
annual wheat productigi5], and hlateral trade volum§l50] for the period of 200582014. To
assess croppecific weather conditions for countries around the world, global maps of crop
calendaf107] and harvested arg¢a75] were used. The other datasets used in this study include

the distance between countri@s6], and their official languagdd77], contiguity[176], gross
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domestic product (GDHL09], GDP per capitl09], General Agreement on Tariffs and Trade
(GATT)/World Trade Organization (WTO) memberships, and regional trade agreements (RTA)
[178,179](Appendix C,TableC1). The reason to include these additional datasets is to incorporate
factors that are considered important for trade connections. Countries with at least seven years of
yield data in the agzed period were selected for this study (115 countrieshgpendix G Note

C1). All data used in this study are publicly available from the corresponding sources.

4.2.2. Import dependency ratio

Import dependency ratio (IDR) for each country was calculatethegatio of net imports

(i.,e.,’Qan € i Qdn €) and total production of the crop (kg) and net imports (kg):

"00'Y , 4.1)

4.2.3. Network-based covariates for extreme weather stress

To assess the extreme weather stress in widreducing countries and the relationship among
countries, we developed the Difference in Extreme Weather Stress (DEWS) covariate, following
four steps outlined below. DEWS was used to address the hypothdsisatigais more likely
between a country with low weather stress (country capable of producing high yields due to good
weather) and a country with high weather stress (country willing to buy because of yield losses
due to bad weather), i.e., in the caséh varge DEWS. If both trade partners experience good or
bad weather for growing the crop, DEWS is low.

First, we comprehensively characterized local agricultural weather conditions. We
calculated 17 agricultural weather indidd80] (Appendix C,Table C2) for each spatial grid
during the growing season of wheat with crop calendar in each year fr&nd2P014 Appendix

C, Algorithm C1 andNote ). The weather indices represent extreme weather stress as they
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guantify the temperature and precipitation conditions that are outside the optimal growing
conditions (i.e., comfort zone) of wheldi80]. Second, we aggregated the weather indices for
relevant areas. The gridded maps of weather indices fronrshestep were aggregated for each
country with the spatial grid weights proportional to the harvested area for wheat (e.g., weather
index in grids without wheat production was disregard@gpéndix C,Algorithm C1, Note 2,

and FigureC36). This resultedn 17 weather indices for 115 countries for 10 years. Third, we
reduced the dimensionality of the weather data to provide a combined assessment of the weather
conditions and to avoid potential problems of multicollinearity and overfitting in later mgdelin

In the principal component analysis (PCA) of the extreme weather indicesggerdix G Note

C4), the first two principal components (PCs) account for 87.7% of the variation, and they
represent cold and heat extreme weather stessn di t i on s, respect- vel y,
producing regionAppendix G FigureC2). Fourth, we defined DEWS for cold stress (DEMS

(or heat stress; DEW&) as the difference in the cold stress PC (or heat stress PC) in two
countries, where DEWS8 0 means higher stress in importing country, and DEV@Smeans

higher stress in exporting country.

4.2.4. Network-based covariate for yield synchrony

To assess associations of synchrony of crop yield fluctuations with trade, we developed the
covariate shorterm synchrony (STS). STS was defined as the correlation of yield fluctuations

between countries. The yield fluctuations for each country were obtained by removing trends from
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the yield time series, where the trend was estimated using a locally weightessiyepproach

(seeAppendix C, Note 6 andFigure (3).

4.2.5. Trade networks

Based on the bilateral wheat trade flows during 2@034, two types of trade networks were
developed and examined in this study, namely unweighted directed and weiljtetetd
networks. Both networks consist of nodes and edges, where nodes represent countries and edges
represent trade connections between countries. The edges are directed, representing the direction
of trade flows from one node to another. The unweigtitetted network does not assign a weight

to the edges, while the weighted directed network assigns a weight for each edge based on the
trade volume (measured in kg). Between 2005 and 2014, the international trade network included
115 nodes (i.e., coun&s) and 5726 directed edges, resulting in an average-oegute of 50

(Appendix C, Figure C7, C30, andC31).

4.2.6. Exponential random graph model

The exponential random graph model (ERGM) was chosen as the most suitable and powerful
statistical approach fanetwork modeling. ERGM is an exponentmbbability model used to
predict edges (or weights on edges) between nodes in a nebjBk].

X h ~

0ad —— N =+, 4.8)
where— 5 represents model coefficient®uftd are statistics correspondingdand covariates

o, I —ho is the normalizing factor, ane is the set of all possible networks for the given number
of nodes.

In this study, the networi: represents network realization of the observed neterpork

covariatesw include the DEWS, STS, distance between countries, contiguity, common official
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language, GDP, GDP per capita, RTA, GATT/WTO membership, and difference in production.
The ERGM is tested for both the trade networks (i.e., weighted directed and unweigideztijlir
SeeAppendix G Note (5, for details on the model specification in R softwdneaddition to the
abovedefined ERGM, several different combinations of ERGM are tested\(g@andix C Note
C15 and NoteC18).

The sign and magnitude of the ERGM ffm@ents for each covariate (Tabldsl and4.2)
demonstrate the likelihood of link formation in the trade netW}d86]. A significant (pvalue <
0.05) positive coefficient shows thhaigher values of the covariate are associated with a higher
likelihood of the link formation, while a negative coefficient corresponds to a lower likelihood.

Statistical significance of the coefficients is assessed udasj at 0.05 significance level.

4.2.7. Random forest model

The random forest (RF) mod§l82] was used as an alternative nonparametric method for
modeling the two trade networks. RF is one of the-pedbrming machine learning techniques,
hence serves as a valuable benchmark for validating the results. Compared with other popular
machine learning models, such as neural networks, RF has fewey pamameters. Some of the
important tuning parameters in RF are the number of variables to examine at each split and the
minimal size of terminal nodes, both of which have sensible defddl&. In contrast, neural
networks rely on many more hyperparameters, many of which do not have default values and have
to be set by the user (for example, number of layers and numbeit®irueach layer, dropout

rates, size and number of filters in convolutional laygi83]. We chose RF due to its competitive
performance, ease of specification, and rising popularity in agricultural sfa84&<.86].

Unlike ERGM, random forest is a machine learning tool that investigates relationships between

covariates and can model nonlinear and combined effects of several covariates automatically. RF
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is a set of regression trees, where each trgairsed on a bootstrap sample of the original data,

and only a random subset of covariates is assessed at each tree split (see details of RF
implementation inAppendix G Note C7). The relationships captured by RF are investigated
through partial dependea plots that show marginal changes in the response variable due to the
changes in the covariate, while all other covariates are kept at their observed levels. In addition to
the partial dependence plots, we assessed the importance of the covariatemlthgethean
decrease in the predictive accuracy of a regression tree when values of one of the covariates are
randomly permuted118]. We further ranked the covariates based on their importance and
assessed their statistical significance (at 0.05 level) using the Altmann permutation algorithm with

100 permutationgl87].

4.2.8. Model assessment

Validation and benchmarking are essential steps for evaluating a model's performance and how it
compares to competitive alternatives. We evaluated the model performance through cross
validation. In the crossalidation, five years of data from the obsenpatiod were randomly
selected for training the models, and the remaining five years were used to obtain predictions and
calculate the errors of the model predictions (see detafippendix G Note G3).

Two types of errors were calculated in theossvalidation. For the models of the
unweighted network, we used misclassification error (MCE):

D60 p & YO "YO, 4.3)

where ¢ is the sample size)Y0and "Y0 are the counts of true gitive and true negative
classifications.

For the models of the weighted network, we estimated mixed error (ME):
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b0 ¢ B 2 - ;, (4.4)

where () "Yis the observed trade volume, abd'¥is the predicted trade volume foth trade
connection. The crosglidation was carried out 100 times and the two types of errors were
calculated each time.
4.3. Results

4.3.1. Extreme weather stress for wheaproduction
Cold and heat stresses were identified as the major contributors to the variability of extreme
weat her indices developed for a countryds whe
guantify weather stresses (including heat stress st@ds, flood, and drought) during the growing
period for wheat in 115 countries for the years 2@084 (see Methods amgppendix G Note
C3). The first two principal components of the 17 indices, dominated by cold and heat stress,
represent 65% and 22.A%ariance of the weather index matrix, respectivBlgpendix G Figure
C2).

The dominant principal components of the extreme weather indices are not significantly

correlated with production levels across countries, while the heat stress indices aaigecownih
the import dependency (Figudel; detailed results iAppendix C,TableC3 andFigure C13-29).
It suggests that the scale of wheat production in a country was not necessarily affected by the
extreme weather stress in the wheaiducing regionp u t a countryds depenct
imports was associated with higher heat stress. Furthermore, out of 115 majepredeaing
countries in our study, 56 countries have an import dependency ratio (IDR) greater than 50%
(mostly in developing countriesihile only 27 countries are net exporters. Since around half of

the countries are highly impedependent for wheat, trade plays an important role in ensuring a

59



stable wheat supply. The pairwise relationships between weather stress and other major
characteistics of trade (such as the number of linkages and trade volume) are similar: the countries
facing higher heat stress (or lower cold stress) are likely to have fewer trade partners for exports;
and countries with higher cold stress tend to have highporinirade partnersAppendix C,

Figures @i C11 and Tabl&3).
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Figure 41. Relationship between import dependency ratio and weather sRekgionships
between the 2002014 import dependency ratio (IDR; Eqg. 1) atetived principal components

(PCs) representing the weather stress: (a) cold stress, (b) heat stress. Positive IDR means higher
import dependency, while a negative IDR means that a country is a net exporter. Each black point
represents a country, the siakethe point corresponds to the average wheat production during
2005 2014. The black lines represent the estimated linear relationships between weather stress
and IDR (pvalue = 0.460 for cold stress and 0.005 for heat stress), gray shaded areas correspond

to 95% confidence intervals.

4.3.2. Relationships between trade networks and extreme weather stress
Using the principal components of extreme weather indices as part of the covariates, we modeled

the bilateral trade networks (one weighted by trade volume angitraut the weights) of wheat
with ERGM and RF model separately. The two models observe similar general relationships
between trade networks and their potential drivers, but the performances of the two models vary.

To evaluate the performance of each nhodle conducted crosglidation. The results show that
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ERGM, with an error rate of 5.17%, was more accurate than RF in predicting trade
presence/absence (i.e., the trade network without weight by trade volume), while RF was more
accurate in predicting tde volume (Tabled.1 and4.2; see the distribution of crosslidated
error in Appendix G FiguresC5-C6). Hence, throughout the rest of the paper, we report the
modeling results for trade linkages and trade volumes based on ERGM and RF, respectively.

Modeling results from both ERGM and RF show that country pairs with larger differences
in the levels of extreme weather stresses are more likely to be trade partners. The ERGM shows
that more severe heat stress in the importing country compared to an exgodintry (i.e.,
DEWSheat < 0) corresponds to a higher likelihood of trade link formation. Vice versa, trade
partnerships are less likely if the exporting country is experiencing larger heat stress than the
importer does (i.e., DEW&> 0; Table4.1, andAppendix G FigureC12b). These model results
align with the observed relationship between import dependency and heat stressA(Hmure

The differences of both heat and cold stress between countries have significant
relationships with tradeolume. The RF shows overall higher trade volumes correspond to higher
heat stress in importing countries (i.e., when DERWS 0, compared with DEWgat> 0, similar
to the ERGM results); however, the relationship is not exactly linear, and the tracheesgol
increase marginally for DEW&: aroundzero (Figure4.2b). Higher trade volume is predicted
when differences in cold stress between partners exist (i.e., Riz\W8; Figure4.2a); however,
in contrast to the heat stress, two upper decileBEVSad are associated with higher trade
volumes. In particular, the biggest spike in Figdiza is driven by Germany, i.e., large exporter
that may experience more severe cold stress than their trade partners da4PE®SThe cases
of DEWS.id > 3000 ae dominated by Japan, Mongolia, and South Korea in the exporter role;

hence, the corresponding average trade volumes decline from the peak valuesA(ZEguildne
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RF rankings of variables by their predictive importance are consistent between the wanghted
unweighted trade networks. The economic and difference in production covariates are ranked as
the top predictors followed by the STS and DEWS. Among the other factors, common official
language and contiguity are ranked eighth and ninth, while regiatd agreements (RTA) is
ranked tenth Appendix C,FiguresC32 andC33). Permutatiofbased assessment of statistical
significance of the importance values identified all the variables in the RFs as statistically
significant, which means the RF models édane additional variable (DEWs») compared with
the ERGMs in unweighted directed trade network.

4.3.3. The role of yield synchrony
In addition to extreme weather stress, the STS of crop yield anomalies also demonstrates a
significant relationship with the wheat trade networks regarding the presence/absence of trade
links and trade volumes. More specifically, the ERGM for the unwaighétwork shows that
STS is positively associated with the likelihood of trade partnerships (Fdbldn the weighted
trade network, RF detects a nonlinear relationship characterized by the overall accelerating
increase of trade volume with the increase&STS (main body of the distribution; Figure 4.2c).
However, the first decile of STS, comprising the most asynchronous pairs of countries, is also
characterized by a spike in trade volume (Figure 4.2c). This illustrates that countries with perfect

asynchony (STS 11) and synchrony (STS 1) of yield fluctuations tend to trade more.
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Table 41. Summaries of the models for 20@®14 unweighted directed (trade presence)
international wheat trade network

Model Covariate Coefficient p-value Error
ERGM DEWSheat -2.45 x 16 <10% 5.17%
(4.39 x 10P)
STS 0.13 0.0036
(4.40 x 10°)
Production 7.02 x 101 <10%
(4.39 x 104H
GDP 1.91 x 103 <10%
(1.28 x 10'4)
GDP per capita 6.36 x 10 <10%
(6.45 x 10)
GATT/WTO -0.455 <10*
(3.52 x 10?)
RTA 0.97 <104
(0.102)
Distance -2.82 x 16 <10%
(2.16 x 16P)
Contiguity 2.30 <10
(0.167)
Common official language 0.27 <10%
(6.13 x 10°)
RF DEWShea; DEWSold Appendix C, 0.01, 21.15%
FigureC4 0.01
STS 0.02
Production 0.01
GDP 0.01
GDP per capita 0.01
GATT/WTO 0.01
RTA 0.01
Distance 0.01
Contiguity 0.01
Common official language 0.01

ERGM: exponential random graph model, RF: random forest, DE\ff8rence in extreme weather stress, STS:
shortterm synchrony, GDP: gross domestic product, GATT: The General Agreement on Tariffs and Trade, WTO:
World Trade Organization, and RTA: Regional Trade Agreements. Standard errors of the coefficients aie shown

parentheses. Errors are the average erakidated misclassification error for trade presence.
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Table 42. Summaries of the models for 206@®14 weighted directed (trade volume)

international wheat trade network

Model Covariate Coefficient p-value Error
ERGM DEW&old -4.82x 10° <104 1.48

(7.55 x 10)

DEWSheat -4.59 x10° <104
(2.51 x 10)

STS 2.14 x10? <104
(3.97 x10°)

Production 2.23 x101° <10%
(9.54 x101?)

log10(GDP) -1.43 x10? <10%
(2.06 x10°)

GDP per capita 1.41 x10° <10%
(2.68 x109)

GATT/WTO -9.79 x10? <10%
(1.18 x109)

RTA 0.186 <104
(1.30 x109®

Distance -5..95x 10 <10%
(9.22 x 10F)

Contiguity 0.49 <104
(2.19 x 16F)

Commonofficial language 3.56 x107? <10%
(2.48 x109)

RF DEWShea; DEWSold Figure4.2 0.01, 0.01 0.77
STS 0.03
Production 0.01
log10(GDP) 0.01
GDP per capita 0.01
GATT/WTO 0.01
RTA 0.01
Distance 0.01
Contiguity 0.01
Common official language 0.01

ERGM: exponential random graph model, RF: random forest, DEWS: difference in extreme weather stress, STS:
shortterm synchrony, GDP: gross domestic product, GATT: The General Agreement on Tariffs and Trade, WTO:
World Trade Organization, and RTA: Regional Trade Agreements. Standard errors of the coefficients are shown in

parentheses. Errors are the average erakdated mixed error for trade volume.
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Figure 42. Random forespartial dependence plots for trade volume in 2@084.The xaxes
represent the considered covariates: (a) difference in extreme cold stress REVS
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on wheat trade volume. The blue bars show marginal effect caused by categorical covariates, while
black lines show marginal effedtie to continuous covariate.
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4.3.4. The role of other factors
All our ERGM and RF models also include the following covariates that have been considered as

important for the formation of trade linkages: populatregighted distance, contiguity, common
official language, gross domestic product (GDP), GDP per capita, General Agreement on Tariffs
and Trade (GATT) /World Trade Organization (WTO) memberships, RTA, and difference in
production between countries. The modeling results further confirmed the importawit tiedse
factors. The ERGM results show that trade partnerships are more likely to occur between countries
that are closer to each other, contiguous, or have a common official languaged(Iphidich
aligns well with the existing findings in the litésae. The RF results show, similarly to ERGM,
higher trade volumes for countries that are contiguous and have a common official language
(Figures4.2e and4.2f), and an overall negative relationship between trade volume and distance
(Figure4.2d). However,RF was also able to model nonlinearity in the latter relationship,
characterized by substantial spikes in trade volume around the declleand8 910 of the
populationweighted distance (Figure2d).

The inclusion/exclusion of these covariates in th&SBRand RF models does not affect
the above results regarding the relationships between trade networks and extreme weather stresses,
as well as yield synchrony, further confirming the robustness of the modeling results. For example,
countries closer to eadther tend to have more synchronized yield; however, the ERGM results
show a significant positive association of trade partnerships with STS regardless of whether the
distance variable is included or excludeéppendix C,Table C4). This test suggests that the

positive relationship between trade networks and STS is not only due to the positive relationship
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between STS and distance but could be an outcome of other factors that are not included in the
models (e.g., cultivars, andctenology and management practices in agriculture).

The difference in production level between exporting and importing countries shows a
significant positive association with the international wheat trade network (Ff2geand
Appendix G FigureCl12a).The amount of production plays a
to engage in international trade. The modeling results from both ERGM and RF show that the
likelihood of trade partnership is higher when country pairs have larger differences in their
production levels. The ERGM results show a higher likelihood of trade partnership when
production is higher in exporting country (i.e., difference in production > 0) compared to when it
is higher in importing country (i.e., difference in production < 0).

In RF, a nonlinear relationship between difference in production and trade volume is
observed (Figurd.2g). A substantial increase in trade volume is predicted when the production is
higher in exporting country (i.e., difference in production > 0 contpaveh difference in
production > 0), such a pattern is similar to ERGM results. The cases with difference in production
> 1@ (i.e., 1 million tonnes; upper decile) mostly include the Russian Federation, the USA, and
India as the major exporters. Spedalflg, the highest marginal increase in trade volume (Figure
4.2q) is driven by the Russian Federation, the USA, France, and Canada highlighting their major
contribution in the international wheat trade.

In addition to the above covariates, we tested re¢\aher economic factors, including
GDP, GDP per capita, GATT/WTO membership, and RTA. These variables are freqiseatly
to account for multilateral resistance, total expenditure, and market size in international trade
[188,189] The ERGM results show that trade partnershipsare likely to occur for countries

with higher GDP/GDP per capita and involvement in regional trade agreements, while the
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possibility of trade partnership reduces when countries are in GATT/WTO membership. In the RF,
the GATT/WTO shows a similar marginiakcrease in volume of trade for both member and non
member countries, indicating that the imports and exports are occurring between countries
irrespective of their trade membership. Howewecluding these factors in the models does not
change the relainship between the trade network and the two main covariates (i.e., DEWS and
STS).
4.4. Discussion

44.1. Implications of the observed relationships for food security
While few trade partnerships have been established with direct consideration of extreme weather
stress and yield synchrony among countries, significant relationships between these factors and
the wheat trade network have been revealed by our investigatiiotme historical records for the
period of 20052014. The revealed relationships have strong implications for the resilience of
wheat trade networks and food supply for countries around the world.

The significant positive associations betweteade linkages and synchronous yield
fluctuations indicate that in the current wheat trade network, trade partnerships tend to be
established between countries with more synchronized yields. Therefore, the current wheat trade
network is potentially vulnetde to synchronous yield failure. A recent study projected that
synchronous failure in wheat yield can lead to about a 33% reduction in wheat proffgkion
which is equivalent to half of the projected wheat consumption by 28pOHence, the
synchronous yield failure can lead to dramatic disruptions to wheat supply for a country and the
world, and consequently threaten food security in countries, espetiaig tow and middle

income countries that are dependent on img&@s,190]
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Higher likelihood of trade partnerships and higher import volume are found to be
associated with higher differences in extreme weather stress when importing countries have higher
stress than their exporting partners. Thidiimg indicates the role of international trade in
alleviating the longerm production stress caused by frequent extreme weather. Under the possible
higher weather stress due to future climate change, the wheat trade network is expected to change,
and inceases in the import linkages are likely to occur, particularly in tropical countries that are
already impordependent. Consequently, whether these countries can establish more trade
linkages on time to combat the climatieangeinduced stress in domestaroduction and to
stabilize their wheat supply is critical for food security in these countries.

4.4.2. The need to improve the trade network
Our analysis demonstrates the need to factor in the consideration of extreme weather stress and
yield synchrony whewlesigning trade agreements and establishing trade partnerships. Countries
have been choosing their trade partner mainly based on economic benefits (e.g., promising duty
and quotdree access to the international market) or geopolitical relations, whilediesider the
extreme weather stress and yield variation in their potential partner countries. While the
partnership is economically beneficial for countries involved, it may lead some countries to
become highly dependent on wheat supply from a few desrdr regions, and potentially expose
these countries to a higher risk of food insecurity when trade partners are facing synchronous yield
| osses. For instance, Ukrainebds substanti al
2006 forced its tradpartners to buy wheat from other countries (e.g., Australia, France, the USA,
Russia, Kazakhstan) and relax import barriers to meet their domestic food dd®ahduch
rapid alterations in trade partners within a year overwhelm not only the major exporters through

reduced stocko-use ratio and doubled export volume in a short period, but also importers who
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have been relying on the supply from Ukraimetlee global market, potentially contributing to
spikes in wheat pricd88,191] Importers from least developed nations are particularly vulnerable
to such rapid changes in the global market, as they usually have less political and economic
capacity to establish new partnerships or to adapt to higher market prices. Therefore, the economic
benefits and abundant food supply, brought by the trade psltpgs, can potentially be
compromised by the occurrence of extreme weather stress and synchronized yield failure. To
mitigate these potential negative outcomes, countries, as well as multilateral trade agreements,
need to carefully consider thgortfolio of trade partners by 1) identifying whether their trade
partners have synchronized yield patterns; 2) determining the level of extreme weather stress in
each partner and the impact of climate change. To ensure a more stable crop supply, a country or
a trade agreement should favor trade partners with asynchronized yield patterns and less extreme
weather stress, in addition to economic benéifitsaddition, the examination of yield synchrony
and extreme weather stress in existing partnerships will infoendésign of mitigation measures
such as crop reserves to minimize the disruption of synchronized yield failure.

4.4.3. Model uncertainty and limitations
We tested two models, ERGM and RF, for investigating the trade linkages and trade volume. The
goal of testng the two models is to assess the linear (via ERGM) and nonlinear (via RF)
relationships between trade networks and drivers. While the two modeling approaches provide
similar results on the general relationships between the trade networks and a rangeiates,
we find that ERGM performed better when investigating the unweighted network, and RF
performed better for the network with trade volume (Tablésand4.2). The reason for the better
crossvalidation performance of ERGM in an unweighted netwmrknot in a weighted network

is the relative simplicity and thus robustness of the model when capturing the presence/absence
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information and, at the same time, lack of flexibility when modeling the actual trade volumes. In
contrast, RF automatically capes the nonlinearity of the relationships but tends to overfit the
data; hence, the results can be less robust, such as in the case of the unweighted network.

RF performed better than ERGM on the weighted network in the-gadisktion study,
which implies that the nonlinear relationships the RF was able to capture were important in
predicting trade volume. However, the difference in errors between models is substantial.
Although RF has lower errors, it still needs improvements in providing robust poediof trade
volume (see Tabld.2 and Appendix C,FiguresC5 andC6). The correlation of observed and
predicted percentage contributions of each country in global export volume iA@@En(ix C,
Figure C34). However, the correlation between observed jpredicted trade volumes is not as
strong Appendix CFigureC35). The performance can potentially be improved by considering in
the modeling process other commonly used drivers, the impact of physical limits of crop
production on trade volumes, and wstments for imbalanced (zemuflated, in case of numeric
response such as trade volume) distributions. Substantial progress has been made in RF
classification to deal with imbalanced dataqd@®2i 195], but developments for RF regression
with zerainflated cata are still ongoinfl96]. Even with the current limitations and uncertainties
in ERGM and RF, the models can establish a reliable general relationship between trade networks
(with and without the weight of trade volume) and extreme weather stress and yield synchrony.

Further resarch is needed to improve the modeling and prediction of trade volume in the context
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of climate changdy incorporating production and demand levels of both the importing and

exporting countries

45. Conclusions

Our analysis suggests that the two factors, the level of extreme weather stress and synchrony of
crop yield fluctuations, substantially affect the international wheat trade network. Country pairs
with larger differences in heat stress are more likely teheade connections and higher trade
volumes. Meanwhile, in the current wheat trade network, trade partnerships are more likely to be
established between countries with synchronized yield fluctuations. This represents a systemic risk
in the current globalvheat market since synchronized yield failure can disrupt wheat supply and
intensify food insecurity for both partnering countries. Other fundamental drivers in the analysis
(i.e., production level, and economic and geopolitical factors) show signifedatibnships with

trade link and volume, further confirming their importance in the international trade network. Our
results demonstrate the need to consider extreme weather stress and yield synchrony in the trade

policy framework to improve the stabilignd fairness of the global food system.
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Chapt@aondl:anidofaiture worKk

Due to population and income growth, the demand of crops in many regions around the globe is
increasing.Producinghigher quantity of crop commodities is required to m#et rising food
demand The increase incrop production relies on a number of factossich asfertilizer
application, expansion of cropland, irrigation facilities, amgprovement intechnology and
management practices (TMP). Despite the available resourmgs sensitivity to a variety of
drivers (such as extreme weather stjesmkesachievwng the desired level of crop production
difficult. The negativeeffectsof these drivers onrops endangeithe availability of crop and
subsequentrop supply in the global food systems. This dissertation advances the existing
knowledge of drivers affecting crop production by delving into l@rgn yield trends, yield
shocks, and internationabhtte networks using modern statistical and machine learning models.
The dissertationds s e c-ermdrajeCdriaspot ceop yietdxarmdmi n e d
nitrogen () inputs, as well as their implicatiofw food security and the environmefihis long-
term yield assessment is critidalr understanishg the impact of stagnating crop yieldi.e., a
diminishing return of crop yield to resource inputs) food security.Using yield response
functions thatrepreent the diminishing returrof crop yield to N inputswe quantified the
relationship between crop yield and N inputs from11&62015. These relationships were further
used to project the quantity of N inputs required in cropland to meet the food den20wDiby
designing several differers#cenariosat varioustechnology and management practicéMP)
levels. The results show that if the TMP remains at the currentuetél05Q the N inputs in
2050 will be the highest, whilenimprovement in TMRcoud reduce N inputs in croplandhis
key finding highlights the critical role of TMP improvements in reducing N pollution in the
environment while also meeting the rising food demaitthough thedesigned scenarigsedict
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N inputs by capturinghe impactof TMP in crop productionthe scenarig have not explicitly
includedother factors (such as climate chamgel soil conditionsthatmay influence theyield
response tdN inputs.Future workcouldinvestigate theffectsof additionalfactorson long-term
yield trajectoriesvhile predictingN inputs.

In additionto long-term yield trajectoriessudden and large reduct®im crop yield(i.e.,
shocks)also have profound impacts food securityln the third Chapter, wguantifiedwheat
yield shocks anddemonstrated the impact of ecological and socioeconomic drivesgetth
shocks.Lower quantiles of yield fluctuationg.e., 1%, 5%, and 10%yere usedd indicatethe
yield shocklevels which were then modeled with drivers usitpgantile regression techniques.
We considered six drivers: extreme weather stress (i.e., heat and cold stress), N fertilizer
application, per capita gross domestic product (GDP), percentage contribution of agriculture in
GDP, and percentage irrigated ar€hae findings showthat severshockscorrespondo extreme
weather stressonditions The associatiorof shocks with N fertilizer application and per capita
GDP, on the other handire unexpectedin general per capitaGDP could be considered as an
approximation of the level of technological development, including the technology related to crop
management, in a countryurthermore, N fertilizatiosupplies thaecessarputrient to increase
the cropproduction Therefore, it is expected thatailablity of advanced technology and resource
input could mitigate crop yield shock¥he unexpected resuhdicates thathe technological
development and increase in nutrient inputs has emreng on increasingyield rather than
mitigatingsevere shock3hes shockdriver relationships reveal the importancemprovingthe
existing technobgiesto deal withwheatyield shocks.Exploring these relationshipsith other
crop typesand testing the modebnfinerspatial resolutiomcanfurtherimprovethe understanding

of yield shocks.

74



To overcomethe severity of crop yieldh®cks and meet the domestic food demand
international trade plays an important role in transferring crop commodities from surplus to deficit
regions but with debatable effectsHence in the fourth Chapter, we addressed the role of
exporting and importing countries in balancing feaghply andassessed the influence of drivers
(such as extreme weather stress) on international trade partnevghipsed statistal network
and random forest models to examine the impact of extreme weather stress and synchronous yield
variations on the international wheat trade. Aside from these two nebasdd drivergi.e.,
extreme weather stress and synchronous yield vargitive tested additional drivers that are
traditionally used in international trade networks (such as trade agreements, production levels,
contiguity, and distance). The findings show a higher likelihood of trade partnerships and larger
exchange of tradeolumes when there is a greater difference in extreme weather stress and
synchronous yield variations between exporting and importing countries. The results suggest that
before establishing a trade portfolio, considering the historical patterns of extesatieer stress
and synchronous yield fluctuations could reduce the burden of sudden and concurrent restrictions
in the exchange of crop commoditidhiesamplications, however, are based on crop wheat.only
The level of extreme weather stress and synghodlyield variationamayvary for different crop
types. Therefore, the current modeling approach can be expanded to other crop commaodities to
examine the influence efktreme weathestressand synchrongf yield variationson international
trade Furthermorethe impact of other factorssuch asharvested areanomay, food storage
domestic consumptioand safetynet is critical in understanihg theimpactof international trade
partnership®n achieving stability in supply

Overall, the unifying themef the dissertation is to betteomprehendhe role ofa wide

range ofdriversfor cropproduction and supplyhe chapters of this dissertation are mediated by
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a set of ecological (i.e., egtme weather stress), socioeconomic (e.g., @bdPregional trade
agreements), and geopolitical (such as distance, contiguity) drivers, as well as the level of
technology in the analysifn conjunction with the quantification and assessmehese drivers
suggest several strategiw@sconsiderin orderto stabilize crop supplyand achievefood system
resilience For instancethe crop yield could be increased by using different resouecgs N
fertilization), but it is required to overcome thehallenges that exist in improving and
implementing TMP, especially in developing nations. Heitcis, critical to direct policiesand
financial supportoward TMPs thatincreasecrop productionandredue the severity of shocks
This isanecessargteptowardsmeeting the growing food demarahd reducingheenvironmental
pollution loadby 205Q whenthe globabpopulation is estimated to be around 9 billidside from
investments in TMPs tincrease production angheet food demandnternational trade could
benefit less resourceful and potentially densely populated countrigsrisferring foodfrom
climatefriendly, higherproductioncountriesHowever the risk associated widynchronougyield
variations and weather stress ndgrupt the international trade netwaakd threaten the food
security in importdependennations To mitigate these negativeconsequencest is critical to
develop a trade portfolio for resilient food systems that takes extreme weather stress and
synchonous yield variations into accouirt.conclusion the analysis in thiglissertation revealed
that the mechanisms of influence varied for each ditemassessing the properties of complex
food systems on a global scale.

In summary, he research in theshapters can be explored in greater depth in future work,
particularly by assessing their prospects in the context of food security in five ways.
First, examireghefactors that are missing in the aforementioned relationshipse dissertation

can include some of the critical social and land use factors that influence crop production and
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supply. As data become more available,raare comprehensive analysis that ipmoates these
critical factors could further improvihe understanding of croproduction andsupply, andthe
model 6s performance and predictions.
Secondjncorporate synchronous commodity patternstimthe food systems analysis1 Chapter
4, synchronos wheat yield fluctuations demonstrated a systemic risk in global food sy&gms
investigatingsynchronybehavior within and acrosgher croopcommoditiesvaluableinsights into
food security and food systenean be gainedand the understandingf teleconnected supply
disruptionscan be improved35,38,92,197,198]

Third, investigae the driversdriversat the finer resolutioninin addition to the country scale.
The analysis in this disserian wasconductedusing nationakcale crop datasetmdicating a
limitation in terms ofspatial heterogeneitwithin a country In the future, the analysis can be
focused on finer spatial resolution to capture vital informatiosubtnationalscale, and reveal
hotspots that are smoothed out when analyzing at a national scale.

Fourth, design projection scenarios in thgield shock and tade analysis.The framework
presented in the chapters can be expanded to examine the potential impact of varying climate
conditions, nutritional needs, and shared socioeconomic pathways [S%B58) on various food
commodities and international trade parships.

Fifth, implement advanced approaches in the context of food securllye application of
statistical and machine learning methodologiasthis dissertationhas revealed complex
relationships ircrop production andsupply. More exploration of advanced techniques (such as
neural networks, clustering analysis, and deep neural netwzakbe a part of future studiges

understand critical relationships
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Appendi ces

Appendix A

This appendix contains supplementary informatorresponding to Chapter 2.
Note Al. List of regions and countries

The list of countries or regions are based on the list of major crop producing countries used in
Zhang, et al[199] for statistical assessment, adding Argentina and Former Soviet Union (FSU).
The FSU countries that split after 1991 are aggregated together and treated as a singte region
this study.

Table AL List of 9 regions and 115 courdsi

Regions Countries

Asia Bangladesh, Bhutan, China, India, Indonesia, Japan, Lao
Peoples Democratic Republic, Malaysia, Mongolia, Nepal,
Pakistan, Papua New Guinea, Philippines, Republic of Kor
Sri Lanka, Thailand, Viet Nam

Caribbean Cuba,Dominican Republic

East Europe and Albania, Bulgaria, Hungary, Poland, Romania, Turkey,
Eurasia USSR*

Europe Austria, Denmark, Finland, France, Germany, Greece, Ital

Netherlands, Norway, Portugal, Spain, Sweden, Switzerlar
United Kingdom

North America  Canada, United States of America

Latin America Argentina, Bolivia (Plurinational State of), Brazil, Chile,
Colombia, Costa Rica, Ecuador, El Salvador, Guatemala,
GuyanaHonduras, Mexico, Nicaragua, Panama, Paraguay
Peru, Uruguay, Venezuela (Badirian Republic of)

Middle east and Algeria, Egypt, Iran (Islamic Republic of), Israel, Jordan,

North Africa Lebanon, Morocco, Saudi Arabia, Sudan (former), Syrian
Arab Republic, Tunisia, United Arab Emirates, Yemen

Pacific Australia, Fiji, NewZealand

Sub-Saharan Angola, Benin, Botswana, Burkina Faso, Burundi, Camero

Africa Central African Republic, Chad, Comoros, Congbte

d'lvoire, Democratic Republic of the Congo, Ethiopia, Gabc
Gambia, Ghana, Guinea, GuirB&ssau, Kenya, Lesotho,
Liberia, Madagascar, Malawi, Mali, Mauritania, Mozambiqt
Namibia, Niger, Nigeria, Rwanda, Senegal, Sierra Leone,
South Africa, Swaziland, Togo, Uganda, United Republic c
Tanzania, Zambia, Zimbabwe

*ESU countries: Armenia, Azerbaijan, Belar&stonia, Georgia, Kazakhstan, Kyrgyzstan, Latvia, Lithuania,
Republic of Moldova, Russian Federation, Tajikistan, Turkmenistan, Ukraine, and Uzbekistan
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Note A2. Crop classes and their definition with upper limits
Table A2. List of 11 cop classes, their definitions, and%ercentile used

Crop classes Definition Upper limit of
N input
(kg N halyr?)
Wheat Wheat 374
Rice Rice 264
Maize Maize 374
Other Coarse Barley, Buckwheat, Canary seed, Cereals; n 238
Grain Fonio,Millet, Mixed grain, Oats, Quinoa, Rye
Sorghum, Triticale
Soybean Soybean 296
Oil Palm Oil palm fruit 134
Other Oil Seeds Castor oil seed, Coconuts, Groundnuts; with 256
shell, Hempseed, Jojoba Seeds, Karite Nuts
(Sheanuts), Linseedjelonseed, Mustard see:
Oilseeds; Nes, Poppy seed, Rapeseed,
Safflower seed, Sesame seed, Sunflower se
Tung Nuts
Cotton Seed cotton 222
Sugar Crops Sugar beet, Sugar cane, Sugar crops; nes, 332
Fruits and Almonds; with shell, Anise; badian; fennel; 301
Vegetables corian, Apples, Apricots, Arecanuts,

Artichokes, Asparagus, Avocados, Bananas
Berries Nes, Blueberries, Brazil nuts; with
shell, Cabbages and other brassicas, Carrot
and turnips, Cashew nuts; with shell,
Cashewapple, Cassava leaves, Cauliflowers
and broccoli, Cherries, Chestnuts, Chicory
roots, Chillies and peppers; dry, Chillies and
peppers; green, Cinnamon (canella), Citrus
fruit; nes, Cloves, Cranberries, Cucumbers ¢
gherkins, Currants, Dates, Eggplants
(auwbergines), Figs, Fruit Fresh Nes, Fruit;
tropical fresh nes, Garlic, Ginger,
Gooseberries, Grapefruit (inc. pomelos),
Grapes, Hazelnuts; with shell, Kiwi fruit,
Kolanuts, Leeks; other alliaceous veg, Lemc
and limes, Lettuce and chicory, Maize; greer
Mangoes; mangosteens,;
Mushrooms and truffles, Nutmeg; mace and
cardamoms, Nuts; nes, Okra, Olives, Onion:
(inc. shallots); green, Onions; dry, Oranges,
Other melons (inc.cantaloupes), Papayas,
Peaches and nectarines, Pears, Peas; greel
Pepper (Ber spp.), Peppermint, Persimmon:
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Pineapples, Pistachios, Plantains, Plums an
sloes, Pome fruit; nes, Pumpkins; squash ar
gourds, Quinces, Raspberries, Sour cherries
pinach, Stone fruit; nes, trawberries,
Tangerines; mandarins; clem., Tomatoes,
Vanilla, Vegetables fresh nes, Walnuts; with
shell, Watermelons
Other crops Agave Fibres Nes, Bambara beans, Beans; 283

Beans; green, Broad beans; horse beans; di
Carobs, Cassava, Chick peas, Cocoa beans
Coffee; green, Cow peas; dry, Fibre Crops
Nes, Fax fibre and tow, Hemp Tow Waste,
Hops, Jute, Kapok Fruit, Leguminous
vegetables; nes, Lentils, Lupins, Manila Fibr
(Abaca), Natural rubber, Other Bastfibres,
Peas; dry, Pigeon peas, Potatoes, Pulses; n
Pyrethrum;Dried, Ramie, Roots and Tubers;
nes, Ssal, Spices; nes, String beans, Sweet
potatoes, Taro (cocoyam), Tea, Tobacco;
unmanufactured, Vetches, Yams, Yautia
(cocoyam)

Note The 99 percentile of N input is estimated using the recent 5 years (average@@a)

Note A3. Methods
The first approach, named fASame NUEO, assumes
same as the current level (i.e., averaged NUE for228015); the secondpap r oac h, A Same T
considers the technology and management practices (TMP, represented by the yield response to N
inputs for each country and crop classes) stay the same as the current level (i.e., determined by
observations from 2006 to 2015); whilethdén i r d appr oach Al mproving TM
evolving following the pace and trajectory observed in the past decade$ Z096)

3.1Same NUE approach
With this approach, we used NUE by counfky and crop classesv for recent yearsd to
project N inputs in 2050, assuming NUE stays the s&igere2.1a).
With changes in crop mix

¥ hh
G T (A1)
) Y0k Qi Ons p (A2)
wherelb YQ; is NUE, Oy QA '@ wi isNinputrates (sum of fertilizer, biological
fixation, atmospheric deposition, and manur&;; QA '@ wi is N yield, Y0

Y@ wi s total quantity of N inputsQ; "0 is harvested area, ads the year.
Without changes in crop mix

O —h (A3)
YO, ‘® O p T (A4)
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where) 'YQ is NUE, '@, Q@@ wi is N input rates (sum of fertilizer, biological
fixation, atmospheric deposition, and manurel; QA @ wi is N vyield,
"YOr "Y' wi s total quantity of N inputsQ "@ is harvested area, ads the year.

3.2Same TMP approach
The oneparameter hyperbolic yield response function has three properties: (1) a low or zero
intercept, (2) at low N inputs the slope of the function is at or near 1, and (3) at high N inputs the
function will achieve a plated69,63] Typical forms of yield respongenctions include quadratic
plateau, exponential, Mitscherliddaule and ong@arameter hyperbolic.

Based on the N inputs and yield records for the most recent ten year§ (12006 to
2015), we first estimated a yield response function for each coanthcrop class (equation 5;
Figure2.1a). Then, we used these yield response functions to estimate N input rates when yield
changes to 2050 level (equation 6).

In this study, we used orparameter hyperbolic function as the yield response function,
which can easily be parameterized on a country scale using annual data (Lassalg#a,59];
Mogollon et al [55]; Muelleret al [63]).

Opp O fR—— (A5)
whered ; Q@ @ i s the coefficient of a onparameter hyperbolic yield response
function representing a hypothetical yield maximum under certain TMP conditions. This function
is applied to capture the diminishing return of yield response to increasing N inputs based on t
historical records of N budgets on a national scale, and the coefficigptis derived as a result.
Therefore, the coefficient) jj is different from the potential yield acquired from agronomic
research on a field scale.

'q . ﬁﬁﬁﬁ q,q, ﬁﬁﬁﬁ ( A 6)
Using the projected N input rates and harvested area in 2050 ( , we estimated total N
inputs quantity (YO ) in 2050 (guation 2).

3.3Improving TMP approach
The extrapolation o was conducted by initially fitting a linear relationship to the
observations for the six time periods. While majority of the country and crop classes show
increasing trends and is projected by linear extrapolation, some have shown decreasing
trend. For those cases with a decreasing trend, we fit a quadratic function to the observations for
the six periods and use the function to project the 2050 level when the functionsshomlsear
(AUO shaped) rel atbh pzFBgbreAdlladb ot thve eeenaining casdiurea n d

Allb), we assume@ jj; stays the same as the current level [epp ¢ )» Which is
equivalent to the ASame TMPO approach.
f 0 Oh Foom
O fn o o6 6h 1 T m— CCTmpp
O ki q h €I 0Qi Q
(A7)

whered= 2050 hf hf & & are obtained for each country and crop class by fitting either
linear or quadratic relationship to the six records of};
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Consequently, we can project N input rates according to equation 6 by replacing
0 §p ¢ WithD gy , and calculate total N inputs quantityf{ ) using equation 2.
Oneparameter hyperbolic yield response function has a comitid , which exhibits
the maximum achievable yield of a cropping system. However, it is possible that the projected
2050 yield ®gp from FAO 2012 reporf200] could be higher than the coefficieint j .
For these cases, the projected yield could not be achieved with the existing yield response function
(or existing TMP), even if N inputs keep increasing. Consequently, for each country and crop class,
we u® the 9% percentile of N inputs for 2011 to 2015 period as the upper bound of projected N
input rates (see tabke2 for the values of 95percentile of N inputs). The flow diagrams of the
ASame TMPO and Al mproving TigkPssAlamAd oaches ar e

| Data from 2006-2015 |

Fit Yield-response function

Y= MxI
M+
I It —3050 is the same I
l False
False I _ M X Y3050 It=20s0 > Upper
t=2050 = P YVesioso limit
True True
I It—2050= Upper Limit I I Jt=2080 = Upper Limit l

Figure AL. Fl ow di agram of t he A S garametdr Mpeérbole gigldr o a c h
response

Data from 2006-2015

Fit Yield-response function

Y = C1xI? + C2xI; -
Find Yynax and Iyq, of the function It=2050 is the same

False

I _ (€2 £ [CF + 4XCyXYi=z050]"/? Ie=20s0 > Upper
t=2050 = Min 20, limit

True

I¢=2050 = Upper Limit

Figure 2. Fl ow di agram of the ASame TMPO approach
function

Ii=2050= Upper Limit
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Data from 1961-2015; 6 sets: 1961-70, 1981-
90, 1991-2000, 2001-10, and 2011-15

c

Fit Yield-response function for each set
x 1
Y=

=

=
-

I

FitM = B+ B, X t,
wheret = [1965,1975,1985,1995,2005,2013]
Find projected coefficient = ¥,,,4x.t=2050 I

Iy 5050 is the same l

False
Several different It—2050 > Upper
constraints limit
True

FitM = B+ By X t + B, X t?
where t = [1965,1975,1985,1995,2005,2013]
Find projected coefficient = M,_,,5¢

Figure 3. Fl ow diagram of the Al mpr
function (SeeNote A andFigureA5 f or MfNAsever al di

[ It-2050 = Upper Limit l

g TMPO app
rent constr

Data from 1961-2015; 6 sets: 1961-
70, 1981-90, 1991-2000, 2001-10,
and 2011-15

l

Fit Yield-response function for each
setY = G, xI? + C,xI, and
find vertex (Imax, Ymax)

Fit Ymaxe = Boy + B1yXt and T Yimax = Boy + BiyXt +p;yxt? and
Imaxs = o + Buxt den Imax = Boi + BuXt+Baxt?
where t= Estimate C; ¢=20s0, C2.4=2050+
[1965,1975,1985,1995,2005,2013] Ymaxt=2050 and Imax t=2050
False =

Fit G, = B3 + By xt and
Cop = Bs + Pext
Estimate C; ¢=2050 C1.e=2050.
Ymaxt=2050 @nd Imax.t=2050

Iz=20s0 = Upper Limit

Figure M.Fl ow di agram of the #Al mppa@ametenhyperbdiicii@ld appr o
response function (Sééote AdandFigureA6 f or fAseveral different <co

Note A4. Expl anati on of sever al di fferent constr
approach
We first compaed the coefficienb e st i mat ed i n & e §Saand TMPO
Al mpr ovi nigg; T MPapproéches with the projected yield levedy from

Alexandratos & Bruinsmd200]. Then, differentconstraints were utilized to decide which
approach to be used to project N inputs in 20&bl(e A3 andFigure A5). First constraint (Case
1) checks whether both the coefficietts;; ¢ andd gy are less tha;; N
the condition is true, the yield response curve cannot reach the 2050 yield level, and there will be
a continuous increase in N inputs until 2050 which is assigned with the upper bound of projected
N input rates (table S2). If is higherthan & and0 gp ¢ (cases2and
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4), the yield response curve wilh was used. In contrast, if jp 4 Is higher
than QO and0 jp (cases 3 and 5)) i ¢ Was used for projection (i.e.,
ASame TMPO approach).

Similar constraints were implemented in quadratic plateau yield response function to
project the N inputs in 205Figure A6).

TableA. Summary of constPa@i wit-isanaineter dydenogicyeeld i ng T N
response function
Constraint Solution for the constraint

name

Case 1 Set upper limit to N input projection

Case 2 Use the new hyperbolic function developed ir
Al mproving TMPO

Case 3 Apply fASame TMPO

Case 4 Usethe new hyperbolic function developed in
Al mproving TMPO

Case 5 Apply fASame TMPO

Z 4 Case 1: N Input 2050 = Upper Limit & c.uvz: N Input 2050 = use new hyperbolic equation - , Case 3: N Input 2050 = Apply “Same TMP"

= Yicld 2050
Improving TMP
Same TMP

Figure A5. Constr aint s i mpl emented i n A lpangnreterv i n g

hyperbolic yield response function. Blue line shows the crop yield level in 2050. Black and red
|l ines show the fitted hyperbolic functy.on in

Coefficient)d is the maximum yield level obtained from hyperbolic function fit.
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Case 1: N Input 2050 = Upper Limit

. Case 2: N Input 2050 = Use new quadratic Case 3: N Input 2050 = Apply “Same TMP"

< So 3
B Lo e e o L SEN—— Y
% D e i < K e
Hos o T o BT S—— “ Iy,
=== Yicld 2050 oD N Input (I) N Input (I)
——  Improving TMP
Same TMP
o Case 4: N Input 2050 = Use new quadratic equation Case §: N Input 2050 = Apply “Same TMP" Case 6: N Input 2050 = Apply “Same TMP" Case 7: N Input 2050 = Apply “Same TMP"
ol Rt ] Y R ] L2 S £,
1 ! z 1 - i 1 2 !
z | >
L A Woee /L “ln | ol :
] 1 R A P — S Ty Ny App——
1 T
e of __:__.__L _____ il i g s L e et i s IL| :_I
! ! R - i s i Dbl a7 g
: [ | 1 P! [
L ! | ¥ 1!
I [} I 1 ' !
. ! ! | 1 ! !
: - - ! 1! 1!
. ; ! 4 L1 P
Rion Imex N Input (1) Inax hnax N Input (T) Imex Imax N Input (I Imax lmax N Input (T)
. . . . ~ .
Figure . Constraints i mplemented in fAl mproving TMF

response function. Blue line shows the crop yield level in 2050. Black and red lines show the fitted

hyperbolic

function i n nSame TMPoOo® aand Al mp

@ represent maximum potential yield and N application rate corresponding to maximum yield
obtained from quadratic plateau yield response function, respectively.
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Note A5. Projected NUE for countries, regions and crop classes

14} ——Same NUE
| |—Same TMP
—Improving TMP
1.2+
1 =
B <
g 0.8 %)
>
0.6 I
e
5
0.4F J]
[m)]
z
0.2+
0 1 1 1 1 1 1 ]
0 20 40 60 80 100 120 145

Current N Input (Tg N yr™)

Figure A7. Projected NUE for countries. Each box represents a country. The horizontal lines in
the box show the level of NUE in 2050, while the width of the line shows the N input in the
baseline. The countries are arranged in a decreasing order of their N injhnesaseline year.
Each country is represented by the tHegter acronym following the definition of ISO alpBa
country code (ISO 3166: 2013). Key crop producing and trading countries like China, India,
USA, Brazil, Former Soviet Union (FSU), Argemdi, and Indonesia are among top contributors in
the global N input of 100 Tg N yrout of 145 Tg N yt in the baseline year.
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——Same NUE
——Same TMP
—Improving TMP
T g
g
8 B E
5 g =
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® = 8
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£
<
L £ .
= 0.6 ¢ %
-
0.4} g
0.2+ o
0 1 1 1 1 1 1 ]
0 20 40 60 80 100 120 145

Current N Input (Tg N yr™)

Figure A8. Projected NUE for regions. Each box represents a region. The horizontal lines in the
box show the level of NUE in 2050, while the width of the line shows the N input in the baseline.
The regions are arranged in a decreasing order of their N inputs in the baseline year.
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——Same NUE
—Same TMP c
~Improving TMP 3
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Figure A9. Projected NUE for croplasses. Each box represents a crop class. The horizontal lines
in the box show the level of NUE in 2050, while the width of the line shows the N input in the
baseline. The crop classes are arranged in a decreasing order of their N inputs in the baseline y

Note A6. Uncertainty tests
6.1 Uncertainty quantification of projected N inputs
To identify an uncertainty range of projected N inputs, we performed a bootstrap resampling
(1000X) of each country and crop combinati ono:¢
temporal scale of each approach, recalculating the relevant parameters for each projection
approach in order to estimate 95% confidence intervals. For each set of resampled data, we

estimated) "YQj; ¢ I n the ASame NUEO approach for eac
set, while fitting yield response functions f
to estimate the coefficients ¢ andi gy in QA '@ i , respectively.

These iterations provided a distribution of the estimatesifoY' Q d hO g q

and 0 jf , from which we calculated the 95% confidence intervals. Using the 95%
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confidence interval of 0 "YQ, ¢ ho0 i ¢ and0 gy , we estimated the
uncertainty range of projections for N input rates and quantity.

I n the Al mproving TMPO approach, since yie
periods, we simultaneously resampleatch time period and estimated 95% confidence interval
0 g corresponding to each perioBiqure 2.1b). Then, using the confidence intervallof
we estimated the confidence interval of each N input projection.

6.2 The effect of using differentyield response functions

In addition to the hyperbolic function, we tested the quadratic plateau yield response function,
which is frequently used on the farm scf86,71,201] and examiad the impacts of function

choice on the N projection outcome. We tested two methods for parameterizing the quadratic
plateau function: 1) using N inputs and yield records to fit the function and estimate parameters,
and 2) derive the parameters for theadpatic plateau yield response function based on the N
inputs, yield and fertilizeto-crop price ratio records for a given year. Constrained by data
availability, the second method was only applied to a handful of countries and staple crops (wheat,
rice, maize, and soybean) only. The estimated yield response functions were used to project N

i nputs with the ASame TMPO6 and Al mproving TMP

First method
A typical quadratic plateau yield response function can be defined as:

) 6 'Grp 6 'Grh G —
Whh . ., o (A8)
—nh Qi 0 7¢o

where0 and0 are coefficients of the yield response function vith 1 andd  1'Q;j is
the N input rate (sum of fertilizer, biological fixation, atmospheric deposition, and manure) in
QA DD wi and®yp isyield in Q@ "B wi

The coefficientsd ando obtained from equation 8 were used for projecting N inputs

rates (equation 9) as well as total N inputs quantity (equation 10) in 2050.
. T .

hix = h  — Qg QG Tt (A9)

YO i Ohn p T (A10)

The fl ow diagrams of the ASame TMPO and Al mpr
method are presented kiguresA2 andA4.

Secondmethod

The second method is adopted from the Zheingl [60] which was implemented at farm scale.

In their study, they attempted to transform the quadratic plateau yield response function to promote
the farmerds intent of profit maxi mi zati on.
coefficientsd andd in equation 8 as a function of the N inputs rate, N in yield and fertilizer

crop price ratio'Y for a given year (equations 11 and 12).
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Using available data 60, @ and'Y for 2006 2015 (averaged) period, we estimated the
coefficients 6 and 6 (equation 11 and 12). Then, and used them to project N inputs rate
(equation 9) and total N inputs in 2050 (equation 10).

5 — (A11)
5 — (A12)

where'Y is the fertilizesto-cr op price watiim,t sabsquatpitom repr
time period (averaged 2008015), andO and® are the N inputs rate and crop yield in
QU@ i for the chosen period. See next section for complete derivation of equations 11
and 12.

For countries and crop classes lacking in dataYfan the 20062015 period, we used the
average of the available 10 year before 2006 to avoid missing estimates of important countries.
Due to insufficient data o¥ for many countries and crop classes, the projections were performed
for staple crops (wheatice, maize and soybeans) only.

Derivation of quadratic plateau yield response function with fertilizerto-crop price ratio in
the ASame TMPO

Assuming the functional form of the quadratic plateau yield response function as follows:
» O ®0 (A13)

If farmers profit is maximized, théQ &FQ "O 'Y, whereR is the fertilizerto-crop price
ratio. In this study, we are interested in developing a yed@onse function for a particular year
given the data is available fof "‘Gandida. T h e  sxudb theeguatns refiresents the chosen
year.

®» @O &Oo (A14)

— Y ¢i0 (A15)

By solving equations 14 and 15, we obtain the expression for coeffici@mdb (equations 16
and 17).

A — (A16)
@ (A17)

Putting the estimated coefficientsandb back in the equation 13, we obtain a new yield response
function with quadratic formsing a given year¥, "‘Gand® (equation 18).

& 0 0 (A18)

o @ — (A19)

& - (A20)
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Comparison of projections of N inputs for staple crops obtained from quadratic plateau
and oneparameter hyperbolic yield response faction
80

Maize Rice Soybean

Wheat
I same NUE

I Ssame TMP (Hyperbolic)

60 + I Ssame TMP (Quadratic-plateau)
I Same TMP (Quadratic-plateau with R)
[ Improving TMP (Hyperbolic)
I Improving TMP (Quadratic-plateau) |

l‘ I :'
20+ ‘ 1
0 p =y || = ! B i

Figure ALQ. Projection of N inputs of staple crops (wheat, maize, rice, and soybean) for 2050 with
di fferent approaches; AiSame NUEO: bl ue, A Same

error bar shows the 95% confidence interval based on bootstrapping.

N Input (TgN yr')
N
O

Table A4. Global N inputs (Tg N y#) for 2050 with different approaches using quadratic plateau
yield response function

Approaches Variants N inputs NUE N surplus
(Tg N yr)
Baseline Baseline year 2001 145 0.45 80

Same TMP Quadratic plateau 374 [322 395] 0.27 [0.26 0.31] 274 [221 294]
Improving TMP Quadratic plateau 293 [283 318] 0.34[0.32 0.36] 192 [182 217]

Note Using bootstrap resampling for 1000X; the values within brackets are confidence intervals (95%); see flow
di agrams S2 and S4, and text S6.2 Afirst methodo for d

6.3 The effect of yield response to notfertilizer N inputs

Yield response to fertilizer and ndertilizer N inputs could be different, especially for N inputs
from biological Nfixation. In order to evaluate the uncertainties associated with potential different
yield response to fertilizer and ndertilizer inpus, we tested two treatments in projection under
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the ASame TMPO scenari o. The fir stfixaionwwiht ment
follow yield response curve, while-Rixation in Tg N yr* of recent years (average 20@615)
would be constanintil 2050. In the second treatment, onhfétilizer is assumed to follow yield
response curve, while the-Manure, NFixation, and NDeposition in Tg N yt of recent years
(average 200&2015) stay the same until 2050.

The sensitivity analysis reflectélde influence of yieldesponse functions while projecting
N inputs. The projecti on sthigheothan Treatmene 1, Whid?P 0 ar «
assumed constant-fikation until 2050. This indicates that even iffiXation is included in the
yield response function, the projection estimates do not show substantial differences. For instance,
after i mplementing the Treat ment 1, the proje
TMPO approach. Furt her mor e ropsaHemsce, this indicatesdhats e i S
yield response curves could be used for projection without discriminating the N inputs to crops
based on their response.

In contrast, the Treatment 2 was around 29 Tg N amd 36 Tg N yt* lower than
ATreat menamdoTMBPad, NSespectively. This treat me
inputs from Nmanure, Ndeposition, and MNixation are not changing until 2050.

Table Ab. Projected N inputs for 11 crop classes derived in the sensdivatlysis

Crop classes Same TMP Treatment 1A Treatment 2V Y
Wheat 47 43 36
Rice 31 32 32
Maize 49 42 37
Other coarse grain 18 21 15
Soybean 33 33 33
Oil palm 2 3 1
Other oil seeds 20 19 17
Cotton 7 8 7
Sugar crops 9 10 9
Fruits andvegetables 30 30 24
Other crops 22 20 20
Total 268 261 232

y O n-fixatiorNs constant, while Nertilizer, N-deposition, and Nnanure follow yield
response curve

A C o n smaaunet Nddposition, and Mixation, while only Nfertilizer follows yield
response curve

6.4 Discussion on uncertainties
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Three major sources of uncertainties are considered in this study: first is the uncertainty
associated with the parameters in the yield response function derived from historical records,
second other is the choice of the yield response function formathiathds variation in the yield
response to fertilizer and ndertilizer N inputs. While we evaluated the first source of uncertainty
using the bootstrap approach, it is more challenging to evaluate the second source of uncertainty.

In addition to the hgerbolic yield response function used in this study, we also tested the quadratic
plateau function, using two different methods (i.e., with and without considering the fetblizer

crop price ratio; see detailsNote A6.2). The use of quadratic platdaaction resulted in higher

N inputs projection than hyperbolic yield response function {sd#e A4 andFigure A10). It

|l eads to even | arger difference between the 0S¢
our conclusions regarding the impactscofsidering diminishing returns on N input projection

based on the hyperbolic yield response function. We focus on reporting and discussing the results
from the hyperbolic yield response function in the main text, because this function has been
implementedon national scale before, and the projected values are comparable to those in the
existing literatures. The third source of unc
TMPO approach. |t i's expected tohgathe crgpimX d r e s
particularly for the Nfixing crops (such as soybean) that do not require substantial application of

N fertilizer. However, even after varying the use of fertilizer andfeaiilizer inputs in the yield

response function, no significanffdrences were found in the global as well as the crop specific
projections (table S5).

Note A7. Example of changes in the coefficient of orgarameter yield response
function over time

2001 22r
(a) A M estimates (b) A M estimates
—Linear —Linear
20
180 —Quadratic A —Quadratic
181
160 -
o7 v 16
— |
> >
‘TN 140 ‘TN 14+
= =
= =z
=120 o 12
X -
s s 101
100
8 _Equations:
80| M= -0.24t2+ 498.81 A
Equations: 6 | M =-0.01t° + 47.33t -46811.85
M = -1.07t + 2225.87
M = 0.08t% -312.19t + 313168.96
60 . + A . ‘) 4 ' . . . : 6
A Y o0 N A LA A & 0 J\Y A A
»\96\ \91\ \9%\ »\‘5?’\ 100\ qp\\ \%6\ \‘5‘\ \%Q’\ \9?’\ 100\ 19\\
Years (t) Years (t)
Figure AL1 lllustration of relationshipof vs year set used in the d@lm

Argentina wheat (panel a), and Nigeria Sugar crops (panel b). The black triangle and line show the
values of coefficient M for each chosen periogafis). The blue linetows the linear fit ofl vs

year, while red line shows quadratic fit. Expression of equations are also shown in each panel with
font color corresponds to the linear (quadratic) fit.
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Note A8. Comparison with other studies
Table A6. Summay of N inputs projection from different studies with the purpose of projection
with different N use projections (fertilizer, biological fixation, manure, and atmospheric

deposition)
Study Projecti Baseli N Input Assumption related to N use Land
onyear ne projection NUE or N input use/Purpose
year (TgN yr-1) of
projection
Bodirsky 2050 2010 228 (Inorganic N input will increase TotalN 17 crop
et al [202] fertilizer, due to no N mitigation groups/cropl
manure, strategies. Growth in and
atmospheric  population and GDP
deposition, continues. Increase in
and biological crop production by 50%
fixation than 2010. Faster
(ignoring increase in NUE in less
recycling); efficient regions than
estimated the rest of the world.
from
supplementary
information)
Bouwman 2050 2000 347 The development in the Total N 5 crop
et al [53] future will continue as groups/cropl
of today. ®veral and
assumptions were mad
for population rise,
GDP, food and feed
demand, changes in
animal husbandry, and
fertilizer efficiency
using multiple
integrated assessment
model.
Cassman 2025 2000 71.6 Lack of investmentin N Cereal crops
et al [57] research to improve Fertilizer (rice, wheat,
crop management since maize)
2000 resulting in
decreasing NUE by
15%. €6% per year)
53 Constant global NUE
equal to 0.46 as in 200(
60.9 Improvement in crop

management and
enhanced crop yield
resulting increasing
NUE by +15% (+6%
per year) from 2000
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Erisman et 2050 1995 100 Improvements in N N Cropland

al. [51] 97 management will fertilizer
increase NUE by 50%
FAO[203] 2030 1995 69.4 Countries will adopt N Cereals
97 improved fertilizer use fertilizer (wheat, rice,
technology in future and maize)
years with the increase
124.5 in yield (1.28 tol.35 All 34 crops

growth rate of N
fertilizer from baseline
year to 2030)

Frink etal 2070 1990 284 Increasing food demanc N Cropland
[204] but crop productivity Fertilizer
stagnatestdl990

conditions resulting in
3-fold increase in N
fertilization compared tc
1990. Aim is to feed 10
billion people in 2070.

192 Slow yield growth but
lowering N fertilizer
with the help of
technology support.
Aim is to feed 1illion
people in 2070.

192 Maintaining a constant
yield growth rate of
1.7% (average rate fron
1960 to 1996) annually
could increase the
production and reduce
the N fertilization. Aim
is to feed 10 billion
people in 2070.

Galloway 2050 1990 283 (without  Biological nitrogen N Cropland
et al [205] losses; with  fixation will be fertilizer,

losses to inversely proportional t¢c Terrestri

riverine flow  the population from al and

270) 1990 to 2050. Constant cultivati

percapita cultivation on
induced N fixation. Not induced
all N fertilizer produced Biologic

will be consumed. al
fixation
Lassaletta 2050 2009 207 Diminishing return of  Total N Cropland
et al [40] yield to N inputs with

yield response function.
Improving TMP at the
pace of past 30 years
(1980-2009)
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Liu et al 2030
[54]

Mogollon 2050
et al [55]

Tilman et 2050
al. [206]

Tilman et 2050
al. [3]

Wood et 2050

al. [58]

Zhang et 2050
al. [15]

2000

2005

2000

2005

1997

2010

271

280

186

250

100

121

107

157

Shifts in ¢
but not was
3000 kcal day and total
reactive N linearly
evolve meeting dietary
need. No change in
current agriculture
management (cropland
and livestock) practices
representing constant N
requirement per caloric
unit production.
Diminishing return of
yield to N inputs with
yield response function
being a function of
GDP.

N fertilization wil
increase if its historical
trend continues.
Cortinuation of past
technology trends as of
2005 with global
average N use intensity
94 kg N hd. Richer
countries continue
increasing yield througt
intensification and poor
countries through land
clearing.
Increasingnvestment in
technology
improvement could
reduce the N use.
Constant NUE as in
1997

Increasing NUE until
2050 (30% increase
from 1997 baseline) dut
to technological
improvement in each
crop and country

Each country will reach
target NUE for
sustainable developmel

Total N

Total N

N
Fertilizer

Total N

N
Fertilizer

Total N

20 crops
except
vegetables

Cropland

Cropland

275 crops

32 crops

Cropland
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Note A9. N input projection for target NUE

Test 1: Only European and North American countries arereaching a target NUE of 0.75

The resulting N inputs in 2050 are 213 Tg N.yA reduction of about 7 Tg N yris obtained
compared with our 6Sa me?)ilNduEstudy éhat i baseal onrassgndng 0 T g
continuation of current NUE until 205

Test 2: All countries reach the target NUE by 2050
The projected N inputs are 150 Tg Nlya reduction of about 70 Tg N-‘ycomparing to the
iSame NUEO apprdach (220 Tg N yr

Note A10.N input change for countries, regions and crop classes
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Figure AL2. Projected countrevel increase (decrease) in N inputs in 2050 relative to baseline

year 2006 (average 200%007). Each box represents a country. Each country is represented by

the thredetter acronym following thdefinition of ISO alph& country code (ISO 3166 2013).

The horizontal lines in the box show the changes in projected N inputs from baseline, while the
width of the line shows the N input in the baseline. The filled grey box shows the distinctness
betwen A Same NUEO and Al mproving TMPO approac!|
decreasing order of their N inputs in the baseline year. Key crop producing and trading countries

97



like China, India, USA, Brazil, Former Soviet Union (FSU), Argentina, and Irslarage among
top contributors in the global N input of 100 Tg NYyut of 145 Tg N yt in the baseline year.

Asia
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Figure AL3. Projected regiondkevel increase (decrease) in N inputs from baseline year 2006
(average2005 2007). Each box represents a region. The horizontal lines in the box show the
changes in projected N inputs from baseline, while the width of the line shows the N input in the
baseline. The filled grey box shiolwapndwi dg sT MH
approaches. The regions are arranged in a decreasing order of their N inputs in the baseline year.
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Figure Al4. Projected cropevel increase (decrease) in N inputs from baseline year 2006
(averaged 200%2007). Each box represents a crop class. The horizontal lines in the box show the
changes in projected N inputs from baseline, while the width of box shows thyulNin the
baseline. The filled grey box shows the disti.]
approaches. The crop classes are arranged in a decreasing order of their N inputs in the baseline
year.
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Note All.Impact of manure
In future, the increasin N input can be potentially from manure and can have benefits in reducing
the demand for synthetic fertilizers and overall N use efficiency in the agricultural production
systems. However, such increase is dependent on the efficient handling of thre msuit is
subject to huge losses of nitrogen (e.g., ammonia emissions) from storage to land application.
Overall, the environmental impact varies for different N input sources. For instance, BNF may be
less likely to be emitted to the environm§2®7,208] while using manure as inputs to cropland
may have the cbenefits of recycling waste and improving the overall N use efficiency in the
agricultural production system.

200 &

nanga in N-Manure (kg M ha'')

# =]
I F
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#
AL s T
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M"w"“’ ;;E""* =13
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=]

R R

=50 = ’
-50 a 50 00 150 200 250 300
Change in M-lestiizar kg N ha II

Figure AL5. Change inN-fertilizer and Nmanure between 1961 and 2015. Each country is

represented by the thréetter acronym following the definition of ISO alpBBacountry code (ISO
31661: 2013). The gray line represents 1:1 line.
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Note A12.Historical trends of yield of major crop types
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Figure AL6. The historical relationships between N input, N harvest and NUE for 5 crop groups
from 1961 2015 in the USA. Subplot (a) shows the relationship between N harvest and N inputs,
while (b)demonstrates the relationship between NUE and N inputs. Each color represents different
crop classes. Each dot indicates a year, while lines represent the smoothed curve estimated using
moving average. Barl ey and Soasgihoundatagsee i n fiot
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Note A13.Historical trend of crop yield in USA and Europe
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Figure AL7. Historical record of N harvest N in Europe (blue) and the USA (red). The blue and
red dot indicates the FAOO6s 2050 pr[2plected
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Appendix B

This appendix contains supplementary informatiorresponding to Chapter 3.

Note B1. Summary of indicators used
Of the 36 papers examined, nearly half (48%) used CV, 20% applied SD, and 14% involved
variance, while the remaining 21% comprised other indicators for stability (e.g., mean/relative
absolute deviatiofi209,210] ecovalence indej211], pooled standard deviatid@12] and etc.
Almost all of them have an inverse relationship with stability ofifsopply (i.e., Higher value of
the indicator means higher yield variability and lower food supply stability). The selection of
studies is based on their usage of indicators to quantify the yield variation and yield stability within
the context of food secity.

Note B2. The hypothesized relationship of each driver with the yield shocks

Table BL. Potential drivers and their hypothesized relationship with yield shiefksed as
lower quantiles (i.e., negative numbers)

Driver Hypothesized relationship Mechanism

Extreme weather Higher weather stress Extreme weather stress

stress corresponds to more severe¢ (such as heat stress) preve|
shocks thegrowth of cropdy

affectingevapotranspiratign
damaging plant cells,
exposing them to diseases,
and interfering with

pollination.
Gross domestic Higher GDP/Agricultural Financial supporte.g.,
product (GDP) GDP corresponds to lower agricultural creditpromotes
shocks agricultural growth and

Agricul tur

contribution in GDP boosts crop yielsl Farmers

utilize such support to
implement more advanced
technology and manageme|
practices to increase
production.

Nitrogen fertilizer Higher fertilizer application Fertilization supplies

application corresponds to lower shock essential nutrients to
increase crop yieldCrop
growth is expected to
increase with théncrease in
fertilization.
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Percentage area Larger areaquippedvith Large irrigation area allows
irrigated irrigation corresponds to farmers to have more
lower shocks irrigation facilities to reduce
water stress on cropand
this promotes crop growth

Note B3. Yield shocks estimation
The following stepsgaken in Appendix C5.

Calculatelower quantiles of the residuals (1%, 5%, and 1G#6)l use the quantile regression
techniques to modé¢these quantiles.

Relative yield shocks (%)

1 p T TT— (B1)

Note B4. Spatiotemporal variation of yield fluctuations

1979-1987 1988-1996
=
> >
|
1997-2005 2006-2014
> >
X

A —
0 01 02 03 04 05 06 07 08
Figure BL. Spatiotemporal distribution of the coefficient of variation of yield anomalies.
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1979-1987 1988-1996

Standard deviation (kg N ha' yr')
—_—
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Figure B. Spatiotemporal distribution of the standard deviation of yield anomalies.

1988-1996
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Figure B3. Spatiotemporal distribution of the 1% quantile of yield fluctuations.
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1979-1987 1988-1996

Yield shock (kg N ha' yr')
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-3 -5 -0 -15 -10 -5 0
Figure B1. Spatiotemporal distribution of the 5% quantile of yield fluctuations.
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Figure B5. Spatiotemporal distribution of the 10% quantile of yield fluctuations.
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Note B5. Modeling results using relative yield shocks
The application of relative yield shocks altered the interactions between shocks and drivers. The

relative yield residuals have been extensively used in previous studies to assess the shocks. Using
a similar aproach, in a separate analysis, we quantified yield shocks in relative terms and their
relationships with drivers (SI Appendix, Section S5). Although heat stress shows the same
relationship as obtained in this study, the association between cold stredwekslis reversed.

The results show that countries with higher heat stress (>7000) have higher yield shocks (%).
These countries include Sudan, Chad, and Iraq (S| Appendix, Fig S7). Furthermore, we find that
the severity of shocks, measured in relaterents, decreases as countries' GDP and N fertilization
increase. This result supports the proposed hypothesis related to these two drivers but contradicts
the relationships obtained in this study. This demonstrates that the changes in the definition of
shoks substantially affect our perception regarding the impact of drivers. The analysis based on
relative shocks is not a part of the main analysis because of the coinciding definition of relative
shocks with CV, which may mislead the definition of shocks.

Table B2. Estimated coefficients of the linear quantile mixed model considering 1%, 5%, and
10% quantiles (relative shocks). The values in square brackets show the standard errors.

Driver Quantile
1% 5% 10%
Heat stress -8.08 x103[1.84 -3.35x 13*[5.58 x 10 -1.93 x 16
x 10°9] [3.19 x 10
Cold stress Insignificant -1.73 x 16° -1.27 x 16°
[6.07 X 10] [4.90 x 10]
GDP per capite - 3.37 x 1¢¢ -1.61 x 1¢¢ -1.25 x 1¢¢
[1.49 x 107] [4.50 x 107] [1.98 x 107]
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Figure B5. Partial dependence plots obtained for the three quantiles from the quantile random
forest. The yaxes indicate relative shocks, and thexes show drivers. The gray shaded area
represents 95% of trebservations, from the 2.5th to 97.5th percentile of a covariate oretkis.x
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Note B6. Additional variables

Table B3. List of additional variables considered

Variable name Source Years Reason for exclusion
Net migration World Bank 19602021 Not showing forced
(immigrants- migration
emigrants)
Forcibly displaced Center for 19642008 Forced migration, but
populations Systemic Peace missing data for arounc
(CSP) 6 years and lots of
zeros
Center for 19462018 Lots of zeros and not
Warfare count Systemic Peace important in variable
(CSP) (Marshall, importance plot in
2015) decision tree
World Bank 19602021 Around 1000 missing
Refugee count values
FAO (2018) 19612014 Lots of missing data
Fertilizer price (Local losingaround 1000
currency unit/kg N) data points
World Bank 19602021 Collinear with
Rural population (% (2018) Agricultural GDP (%
total population) GDP)
World Bank 19602021 Collinear with
Urban population (%  (2018) Agricultural GDP (%
total population) GDP)
World Bank 19602021 Collinear with
Percentage of females (2018) Agricultural GDP (%
employed in agriculture GDP)
Percentage of males  World Bank 19602021 Collinear with
employed in agriculture (2018) Agricultural GDP (%
GDP)
Agricultural machinery World Bank 19602021 Around 1000 missing

(tractors per 100 kéof
arable land)

(2018)

values; collinear with
GDP

In addition to these variables, wheat yield lewals beconsidered as a factor associated with yield
shocks.Yield levels could be an important factor because the farmers with higher yield optimize
theirprice andesources to achieve higher yield compared to the farmers with low yielpvdnel
areless depedence orall theresources. Despite these reasons, yield is not included in the analysis
as a driver for two reasons. First, it is collinear with N fertilization, natech is an existing driver

in the model,with a correlation of 0.703. Secondgdding yield as drivemight duplicate the
information in the model with independent and dependent variables derived using yield level.
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(a) Correlation of variables considered (b) Data availability of variables considered
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Figure Br. Correlation between all covariates (a) and their pairwise data availabiltyr(bidered
in the analysis. The Ax06 in the plot (a) deno

Note B7. Variable importance
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Figure BB. Variable importance of drivers obtained from the quantile random forest.
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Note B8. Classification of countries into income groups
Table B4. Countries with their income group according to World BHf9] definitions

Income group

Countries

High-income

Low-income

Uppermiddle
income

Lowermiddle-
income

Australia, Austria, Belgium, Canada, Chile, Czech Republic,
Denmark, Finland, France, Germa@reece, Hungary, Israel,
Italy, Japan, Netherlands, Norway, Oman, Poland, Portugal,
Republic of Korea, Romania, Saudi Arabia, Spain, Sweden,
Switzerland, United Kingdom, United States of America,
Uruguay,

Afghanistan, Burundi, Cha@emocratic Republic of the Congo
Ethiopia, Malawi, Mali, Mozambique, Niger, Rwanda, Sudan,
Uganda, Yemen, Zambia

Albania, Argentina, Botswana, Brazil, Bulgaria, China,
Colombia, Ecuador, Guatemala, Iraq, Jordan, Libya, Mexico,
Namibig Paraguay, Peru, Former Soviet Union, South Africa,
Turkey, Venezuela (Bolivarian Republic of)

Algeria, Angola, Bangladesh, Bhutan, Bolivia, Egypt, Hondur:
India, Iran (Islamic Republic of), Kenya, Lebanon, Lesotho,
Mauritania, Monglia, Morocco, Myanmar, Nepal, Nigeria,
Pakistan, Swaziland, Tunisia, United Republic of Tanzania,
Zimbabwe
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Figure BD. Distribution of heat stress from 1970 to 2014 for countries within each income group
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Figure BLO. Distribution of cold stress from 1970 to 2014 for countries within each income group
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Figure BL2. Distribution of wheat yield from 1970 to 2014 for countries within each income group

113



High income Low income

g e

8
—
_—
17—
—a 0 —
o s
e e S
T
T
e
=T
S o e 1
I o
=0 .
—I— .
—0—
—
S
-
o
-
o —
—0—

Figure BL3. Distribution of agricultural GDP from 1970 to 2014 for countries within each income
group
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Figure BL5. Partial dependence plots for each driver pair obtained from the quantile random forest
for shock (kg N ha yr) corresponding to the 1% quantile.

Figure BL6. Partial dependence plots for each driver pair obtained from the quantile random forest
for shock (%) corresponding to the 1% quantile.
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Note B9. Clustering residuals
To identify the heterogeneity in errors, we clustered the residuals obtained from the full models.

By grouping residuals, countries or regions showing anomalous errors can be dét}tédhe
clustering was performed using the classification and regression trees in rpart jatkage
Tree lased algorithm is chosen because of its powerful nature to explore the complex data.

0.13
100%

GDP pc (2010 US$) < 23e+3

Irrigated area >= 3.5

0 12 0 13
56% 24%

Cold stress < 927 Heat stress < 6902
011 014 013 015 0.16
48% 8% 16% 8% 20%

Figure BL7. Regression tree corresponding to residuals from quantile random forest for the 1%
guantile
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Figure BL8. Regression tree corresponding to reS|duaIs from quantile random forest for the 5%
guantile
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Figure BL9. Regression tree corresponding to residuals from quantile random forest for the 10%
guantile
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Appendix C

This appendix contains supplementary information corresponding to Chapter 4.
Note C1. Data
Table . Data types and sources

Data type Data source Spatial Temporal
resolution resolution
Weather: ECMWH105] 0.7% 2005 2014 (daily)

Precipitation (m)

Min temperature (K)
Max temperature (K)
Crop presence:

Harvested area (ha) Monfreda et al[175] 5 arcmin 2000
Crop calendar Sacks et al107] 0.7 1i365 (day of
year)
Nitrogen yield (kg N  Zhang et al[15] 115 countries 2005 2014
hat yrt) (annual)
Nitrogen production Zhang et al[15] 115 countries 2005 2014
(kg N yr?) (annual)
GDP per capita (2011  World bank[109] 115 countries 2005 2014
US$) (annual)
GDP (2010 US$%) World bank[109] 115 countries 2005 2014
(annual)
General Agreement Head et al[179] 115 countries 2005 2014
on Tariffs and Trade (annual)

(GATT)/World Trade
Organization (WTO)

membership
Regional trade Head et al[179] 115 countries 2005 2014
agreements (RTA) (annud)
Contiguity Mayer and Zignagc 115 countries
[176]
Populationweighted Mayer and Zignagc 115 countries
distance [176]
Common official Melitz and Toubal 115 countries
language [177]
Bilateral trade (kg) FAOSTAT[150] 115countries 2005 2014

(annual)

Following 115 countries are included:

Afghanistan, Albania, Algeria, Angola, Argentina, Armenia, Australia, Austria, Azerbaijan,
Bangladesh, Belarus, Belgium, Bhutan, Bosnia and Herzegovina, Brazil, Bulgaria, Burundi,
Cameroon, Canada, Chad, Chile, China, Colombia, Croatia, Cyprus, CzecHi&Rdpermark,
Ecuador, Egypt, Eritrea, Estonia, Ethiopia, Finland, France, Georgia, Germany, Greece,
Guatemala, Honduras, Hungary, India, Iran (Islamic Republic of), Iraq, Ireland, Israel, Italy, Japan,
Jordan, Kazakhstan, Kenya, Kuwait, Kyrgyzstan, Latiiebanon, Lesotho, Libya, Lithuania,
Luxembourg, Madagascar, Malawi, Mali, Malta, Mauritania, Mexico, Mongolia, Morocco,
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Mozambique, Myanmar, Namibia, Nepal, Netherlands, New Caledonia, New Zealand, Niger,
Nigeria, Norway, Oman, Pakistan, Paraguay, PBaoland, Portugal, Qatar, Republic of Korea,
Republic of Moldova, Russian Federation, Rwanda, Saudi Arabia, Slovakia, Slovenia, Somalia,
South Africa, Spain, Swaziland, Sweden, Switzerland, Syrian Arab Republic, Tajikistan, Thailand,
The former Yugoslav Reyblic of Macedonia, Tunisia, Turkey, Turkmenistan, Uganda, Ukraine,
United Arab Emirates, United Kingdom, United Republic of Tanzania, United States of America,
Uruguay, Uzbekistan, Venezuela (Bolivarian Republic of), Yemen, Zambia, Zimbabwe

The weather dta are from ECMWF and have been widely used for predicting soil moisture
content, streamflow, and humidity profiles (Lekhadiya & J&i®]; Calanca et a[216]; Verkade

et al.[217])). The spatial and temporal resolutions of the data ar@&dxaily, respectively. The
reason to choose this dataset is its daily temporal scale thas altole aggregate the weather data
within the growing period of the crop through crop calendars and capture the heat stress and/or
cold stress during the growing period.

The Monfreda et a[175] maps of crop calendar and hested area have been extensively
used in recent studies for developing esmecific weather records (e.tizumi et al.[218]; Lobell
& Godurdji[85]; Deryng et al[219]) and areavailable at the resolution of 1Flthat is appropriate
for our study, but these data are available only for the year 2000. By comparing a subset of weather
indices derived using the year 2000 maps and the SPAM 2005 daeBktwe identified low
sensitvity of the modeling results to the choice of the harvested area map (F2afe hence,
we assumed changes in crop calendar and harvested area are generally negligible during the study
period while aggregating the weather indices.

The bilateral trade dataset is from the FAOSTAT and provides a comprehensive record of
export and import volumes at the national scale. The trade data are derived using standard
procedures with quality control checks to avoid discrepancies between reppaded/olumes.

This dataset has been widely used in studies based on virtual water trade and global food systems
(e.g., Tamea et gdR221], Lassaletta et a)222], Konar et al[223]).

The wheat yields (kg hayr') and production (kg hayr?) at the national scale aadso
from the FAOSTAT, with the N content parameter adopted from a recen® studypress the
yield and production in N content (kg N-hgr* and kg N yr), respectively.

The geopolitical variables (i.e., contiguity, common official language, and distance) are time
invariant in the study period. These data were obtained from a complete and clean dataset from
the Centre d'Etudes Prospectives et d'Informations Internatiof@iall; http://www.cepii.fi).

The datasets from CEPII have been widely used in trade network analysis (e.g., Tuninetti et al.
[153], DeBenedictis et al224], Herman156,172).

The remaining variables (i,eGDP per capita, GDP, RTA, and GATT/WTO) include
conventionally used economic variables in trade analysis. The datasets are from World bank and
the Centre d'Etudes Prospectives et d'Informations Internationales (&R Iiwww.cepii.fi).

Note C2. Data processing
a. Harvested area
Harvested area for year 2000 was from Monfreda ¢13k] and it has the spatial resatut of
5arcmin (larcmin is 1/60), see FigureCl. To convert the area to the resolution of the weather
data, which is 0.75 we calculated the total harvested area in the regions & @rid cells (9 cells
of the harvested area data correspond exszily75).
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b. Crop calendar

Crop calendar represents the planting and harvesting days in a year in the range [1, 365] for a given
crop. The crop calendar for wheat that we used in this study has the spatial resolutibr\Vdé€ 0.5

used the nearest neighbor approach in QGIS softjf#2fg to convert the crop calendar data to

the resolution of the wélger data, which is 0.75

Let 0 “We the plant start an@®"Ybe the harvest start, based on the crop calendar for the
a o€ grid cell. Then, define the growing period (GP) for year
o~ 0% f HO™ QWY O
Ovp & o N ot
V™Y 7 HOYY { i € BRI UOQi

+30°

-30°

-120° -60° 0° +60° +120°

0 1000 2000 3000 4000 5000 6000 7000 8000 8300
Wheat harvested area (ha)

Figure 1. Map of global wheat hraested area; data from Monfreda e A¥5].

The crop calendar of spring wheat was used in this analysis for two reasons. First, spring wheat
accounts for about a third of global harvested area for wheat, and it can be grown in a variety of
climate zoneg. Second, large overlaps exist in the spramgl winter wheat growing seasons,
which are important for determining the yield. For instance, the beginning of planting and
harvesting of spring wheat in the USA is"and 20%' day of the year (DOY), while for winter

wheat it is 250 and 178 DOY, respectively.

Note C3. Weather data and weather index system
The weather data collected from ECMWEO5] include four variables: precipitation, and
minimum and maximum temperature. Each @ thariables is reported on a spatial grid with a
resolution of 0.79 several times per day.

First, the following steps were taken to aggregate the ECNWB] data to the daily scaldof
each grid cell):
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Calculatemin (max) daily temperatuy@ Q¢ Ovw  ;és a min (max) of the eight sdhily
records of the minimum (maximum) temperature.
Calculatedaily total precipitation“Y( as a sum of the two cumulatiseb-daily records.

Second also for each grid cell, the weather index (WI) system of Zhu Et&0] was applied to

help describe the nonlinear impacts of weather on crop yields. The weather indices were derived
from the above three daily variables by applying various thresholds and aggregation functions to
the data within the growing period (Talil2). Since the crop calendar contained only one wheat
growing period per year, the WIs have only one value per year (i.e., the aggregation within a
growing period annualizes the weather data).

The index of night growing degree low (NGDL) quantifies ¢btl stress and is calculated as
0 '000Q Q Qb Qt Y — hit,

where"Qrepresents the aggregation function (i.e., count)-andepresents the threshold® (

pfB Iv, see Tabl€?2).

Day growing degree low (DGDL) index qudias the cold stress during the day and is calculated
as

00000 Q Qb d L% — it
where— represents the threshold® ( pf8 I, see Tabl€?2).

Table @. Definitions of the weather indices

Weather Weather  Threshold Aggregatio Data Number of
stress index n function  used resulting
Wis
Night cold  NGDL diz=0°C count Min daily 5
diz=1°C temp.
diz=2°C
dis= 3°C
dis=4°C
Day cold DGDL d21=6°C count Max 5
de2=7°C daily
d2z=8°C temp.
d24=9°C
d2s = 10°C
Day heat DGDH ds1= 26°C count Max 5
ds2=27°C daily
dsz= 28°C temp.
dsa= 29°C
dss = 30°C
Flood PREH h=0.1mm count Daily 1
precip.
Drought PREL [1=2 mm count Daily 1
precip.
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Day growing degree high (DGDH) index quantifies the heat stress during the day and is
calculated as

0°00/M Q. " v — hm,
where— represents the threshold® ( pf8 Iv, see Tabl€?).

Precipitation high (PREH) index represents wet stress and is calculated as

0YO® QY0 o _ hm,
where"(represents the aggregation function (i.e., count) aneépresents the high threshold (see
TableC2).

Precipitation low (PEL) index represents dry stress and is calculated as

0YQUQ QYD g _hm,
where"Qrepresents the aggregation function (i.e., count)_amepresents the high threshold (see
TableC2).

Third , we aggregated the WIs to the natibscale using harvested area (see Algorithm S1) as the
spatial weights and country boundaries. The resulting array of Wis has the dimensions of 10 (years)
x 115 (countries) x 17 (WIs).

Algorithm C1: Aggregating weather data to country-wide weather indices (WIs)
Input : Weather data W at daily scale for T years and LAT x LON spatial grid
cells; plant start (PS), harvest start (HS) dates, and harvested area (HA)
for LAT x LON spatial grid cells; country boundaries. Let g,
(i=1,..., N)represent the aggregation functions defined as combinations of
the functions and thresholds from Table C2
for y=1,2,...,Tdo

>
2 for lat =1,2,...,LAT do
3 for lon=1,2,...,LON do
4 if PS [lat,lon] < HS [lat, lon] then
5 | Growing period GP,jat0n = PSyllat, lon] : HS,[/at, lon];
6 else
7 L Growing period GPy jati0n = PSy[lat, lon] : HS . [lat, lon];
8 fori=1,2,...,N do
9 L Willy,lat lon,i]= g(W [GP,ation , lat, lon]);
w0 | fori=1,2...,Ndo
11 WI [y,{countries},i] = aggregate W[y, ,,i] within country boundaries,
| usingHA as weights;

Output: WI

Note C4. Principal component analysis of weather indices
To reduce the dimensionality of the WI matrix, we applied principal component analysis (PCA).
We used tofD dimensions based on the heuristic elbow method, cumulatively explaining at least
80% of the WI variation. Within each dimension, we selected th& mmportant WIs using the
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elbow plot of the WIs' contributions to the dimension. Then, we deiveew covariate$ each
being a linear combination of the selected WIs in the respective dimension:

06 B (I)H(A)Q

whereQ pf8 FOI) arethew "Obelected if2  dimension, andy; is the respective component
of the’Q eigenvector. The PCA was implemented using R package FactojAA6R

Since only a subsét of the original WIs is included into eac¢h®, the calculated PCs are no
longer strictly orthogonal; however, the subsetting imprawsrpretability of the PCs and

potentially allows to disregard WIs that were not included into any of the PCs.
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Percentage of variance explained
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O

Figure Q. Elbow plot of the PCA results. Bars show the percentage of variance explained by each
dimension. The red o x

65%
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Table G3. Relationship o) 6 dwith import dependency ratio, production, number of linkages

(i.e., node degree) and trade volume

Relationship Coefficient Std. error p-value
068 00Y -1.19 1.61 0.460
068 01 £ Q0 WO 2.12x 10 3.02 x 10 0.480
068& 046N QWA 14.09 5.36 0.009
068 Own EWQI 6.23 2.51 0.015
068 "04n éitdd 6 1.03x 107 5.41 x 16° 0.059
068 Own i 6 1.28 x 168 2.63 x 16° 0.630
068 00Y 14.07 4.88 0.005
06801 ¢ Q6 ®O -3.81x 10 9.48 x 107 0.970
068 04n QWA -19.10 17.20 0.270
068 Own EQWQI -24.76 7.73 0.002
068 0an éLiedx 6 -1.33x 1CP 1.72 x 16/ 0.940
068 Own &IED O -1.02 x 107 8.20 x 1¢° 0.220

Note C5. Short-term synchrony
Sudden fluctuations of yields aroundlehnge r m s moot h tr ends

(those

levels for a country) are essential in Hraalysis of trade connections. If a country is experiencing
an insufficient food supply or losses of crop production, such as due to extreme weather events,

import contracts allow the country to overcome the shortages. In a year with more favorable

t

weatherand larger crop yields, the same country can choose to become an exporter, and the
international trade connections will rearrange.

The following steps were taken to quantify the shemntn synchrony (STS) of yields acrdss

countries.

|. Detrend eaci time series’Q pfB H)) by applying a locally weighted regression (loess,

[117,118]on time:

synchrony, while negativeorrelation shows asynchrony.

a. For the neighborhood siz&8 1§ tng 8 h®o v, run a leaveneout cross
validation to select the optimal neighborhood si%&, based on the minimal
squared prediction error:

where w

3 AOCGEB

"Q is the forecasted value obtained from a loess model fitted by

omitting thed observation.

b. Apply "Q to smooth the whole series and obtaindbended residuals:
Q ®

W W

. Calculate the shoterm synchrony as the Pearson proegnoment correlation of the
residual seriesp € I'QMQ , where@Q pHB ) and"Q 'QPositive correlation shows

Q

For fitting loess, we used the loess function from ba2R, where the neighborhood siZ@,is

set by the argument span.
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We find that half of the countries (anod 48%) have synchronous and the other half (around 52%)
have asynchronous crop yield fluctuations (FigD8. The STS was used as an edge attribute in
the exponential random graph models (ERGMs) and as a covariate in random forest models.
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Figure 3. Pearson correlation of shadrm fluctuations in yield, 2002014.

Note C6. ERGM
In an exponential random graph model (ERGM), the covariates can be represented as node and
edge attributes. In this study, the nodes are the counideb@ edges are the connections between
them. The networks that we used are unweighted directed and weighted directed. We selected
models based on the smallest AIC. We used the R packag¢2a@jto fit the ERGMSs. To obtain
ERGM predictions of trade presence or volume, 500 networks were simulated using the estimated
EGRM, then averaged.
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Table Gl Example of reduced ERGMSs for assessing effects of inclusion/exclusiavariates.
The results show no significant change in the (statistically significant) coefficient for STS when

the distance is added/removed from the model

Response Covariate Coefficient Std. error  p-value
Trade presence STS 0.089 0.041 0.029
(unweighted
directednetwork)
Trade presence STS 0.125 0.041 0.002
(unweighted

-1.69 x 16 1.2x16¢ <104

directed network) Distance

Note C7. Random forest
To implement the random forest (RF) approach, we used R packages [hRdfrand

randomForeq229]. We used 500 trees in each forest. Significance of covariates (at 0.05 level) in
the model was assessed using the Altmann permutation algorithm with 100 perm{t&tg¢ns
a. Partial dependence plots for the unweighted directed network of wheat trade
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Figure Gl Partial dependence plot obtained from random forest with trade presence (unweighted
network) as the response variable. Thaxis represents the covariates considered. Taelsy
represents the marginal change inltkelihood of the trade link formation due to changes in the

covariates on-axis.
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Note C8. Model performance
a. Crossvalidation
To validate the models, we applied the following creakdation algorithm:

1.

2.

301

201

count

Figure

Select 5 years at random for training and usedh®ining 5 years for testing (all countries
are represented in both subsets).

Apply PCA to calculate principal components of the weather indices and use correlation
analysis to estimate synchrony of yield fluctuations in the training set.

Use the estimatePC loadings from the training set and weather indices from the testing
set to calculate PCs for the testing set.

Fit a trade network model using the training set.

Use the model to predict trade links (or volumes) in the testing set.

Calculate misclassifation error (MCE) for the unweighted network, and mixed error (ME)
for the weighted network.

Repeat the steps @ for 100 times, and calculate the average MCE and ME.

(@ w0l ®

204

count

a
8
10
f ]
Wisclassifcation Error (%)

104
1 / Misclassifcation Emror (%)

1

0 25 50 75 100 0 25 50 75 100
Misclassifcation Error (%) Misclassifcation Error (%)

. Histogram of misclassification erroobtained from (a) ERGM and (b) RF from 100

crossvalidation runs. The arrow points towards a zoomed in version of the histogram.
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(a) (b)
30 304
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count
count
count

0.0 05 1.0 15 2.0 0.0 05 1.0 15 2.0
Mixed error Mixed error

Figure . Histogram of mixed error obtained from (a) ERGM and (b) RF from 100 cross
validation uns. The arrow points towards a zoomed in version of the histogram.

b. Degree distribution
Node degree is the number of connections the network node has. The distributions of degrees
obtained from network models are compared to the observed degree distribution. The degree

distributions produced by ERGM are closer to the observed than thoseguday RF (Figure
C7).
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Figure (7. Observed and predicted degree distributions of the trade network. Haadut
degrees represent the exporting and importing connections of a country, respectively. Top row
represents distrition of import connections, while bottom row shows distribution of export
connections. The predicted degree distributions are from RF and ERGM.
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Note C9. Cold stress vs number of linkages (i.e., node degree)
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Figure @B. Relationship of cold stress level (derived principal components) in each country with
import degree (a), and export degree (b) for the period ofi200%. The size of each point
corresponds to the average production levetaxth country for the period of 20@0D14. The
fitted lines represent the linear relationship between the stress level and degree.

Note C10.Heat stress vs number of linkages (i.e., node degree)
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Figure ®. Relationship of headtress level (derived principal components) in each country with
import degree (a), and export degree (b) for the period ofi200%. The size of each point
corresponds to the average production level of each country for the period ®2Q085The
fitted lines represent the linear relationship between the stress level and degree.
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Note C11.Cold stress vs trade volume
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Figure C10. Relationship of cold stress level (derived principal components) in each country with
import volume(a), and export volume (b) for the period of 20P814. The size of each point
corresponds to the average production level of each country for the period ®2Q085The
fitted lines represent the linear relationship between the stress level and trade.vo

Note C12.Heat stress vs trade volume
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Figure (11 Relationship of heat stress level (derived principal components) in each country with
import volume (a), and export volume (b) for the period of 22034. The size of each point
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corresponds to the average production level of each country for the pE200%2014. The
fitted lines represent the linear relationship between the stress level and trade volume.

Note C13.Relationship between probability of link formation and heat stress
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Figure Cl2. Relationship between probabilities of Kinformation P 0 'QEFRI & O Q¢ &
QORZ0E L DI NEOMOARZ0E U O "Péaled from ERGM vs (a) Difference in
production, (b) DEWS (heat stress), and (c) STS. Here, covariate is the DEWS (heat stress)
variable, and—is the corresponding coefficient from ERGM fit (see Tablein the main text).

The covariate difference in production is quantifying the difference in production between two
countries. If difference in production > 0, higher production in exporting country. Otherwise,
difference in productior 0 means higher production in importioguntry. If the difference is

low, the exporting and importing countries have similar production.
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Note C14.Weather stress variables vs IDR

Figure C13. Relationships between the 20@®14 import dependency ratio (IDR) and day
growing degree highdgs = 26 °C). Positive IDR means higher import dependency, while a
negative IDR means that a country is a net exporter. Each point represents a country, size of the
point corresponds to the average wheat production level dR@@§ 2014. The lines represent

the estimated linear relationships between weather stress and IDR, shaded areas correspond to 95%
confidence interval.

Figure 4. Relationships between the 20@®14 import dependency ratio (IDR)nd day

growing degree highdg2 = 27 °C). Positive IDR means higher import dependency, while a
negative IDR means that a country is a net exporter. Each point represents a country, size of the
point corresponds to the average wheat production thuehg 20052014. The lines represent

the estimated linear relationships between weather stress and IDR, shaded areas correspond to 95%

confidence interval.
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