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Global food security faces great challenges due to growing population and income, as well as 

shifting dietary preferences. Despite advancements in agricultural practices and technologies that 

have increased crop 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 the opportunities and challenges to meeting rising food demand and 

achieving a more stable food supply, it is critical to characterize the spatiotemporal patterns of 

crop yield by investigating long-term crop yield trends, crop yield shocks, and international crop 

trade networks, as well as the drivers (i.e., socioeconomic and ecological) of crop production and 

supply. In the context of global food systems and food security, this dissertation, divided into three 

core chapters, seeks to systematically investigate one critical dimension of food security (i.e., 

stability) by analyzing the production and supply of crop commodities with statistical and machine 

learning approaches.  



  

Crop yield stagnation in several global regions poses a significant challenge to meeting 

2050 food demand targets, necessitating an examination of historical long-term trends of crop 

yields and their drivers. Such an assessment is also important to project the amount of nitrogen 

(N) required to meet the 2050 targets. To accomplish this goal, we used a massive global dataset 

of N budget at the national scale and quantified the long-term yield response relationships with 

yield response functions for each of the eleven major crop types (Chapter 2). These relationships 

were then used to predict global N inputs in cropland in 2050 by scenario 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 cropland while meeting rising food 

demand. In addition to investigating the long-term trends in crop yields, assessing sudden 

reductions in crop yields is equally important to sustaining and meeting food demand (Chapter 

3). We quantified the sharp drops in wheat yield (i.e., shocks) and their drivers (i.e., ecological and 

socioeconomic) using quantile regression techniques. This analysis revealed the pressing issue of 

large crop yield reductions due to extreme weather stress. It also demonstrates that technological 

advances (per capita gross domestic product (GDP)) and resource inputs (e.g., N fertilization) have 

been focusing on achieving higher crop yields rather than mitigating yield shocks. Disruptions 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; hence, international 

trade plays an important role in stabilizing food 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 resilience. We 

characterized the relationships between 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, the resilience of international wheat trade could be 

improved if countries can adjust trade portfolios by considering the level of extreme weather stress 

and concurrent yield variations with their trading partners. Overall, the dissertation expands on 

previous research by comprehending the role of ecological and socioeconomic drivers on crop 

production and supply, as well as proposing policies to mitigate the negative impact of these 

drivers on key aspects of global crop supply stability.  
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Chapter 1: Introduction 

1.1. Background and motivation 

The world is urging for rapid increases in food production due to rising population, growing 

income, changing dietary patterns, and increasing biofuel use [1ï4]. To keep pace with the growing 

demand that may continue for decades, global cereal production needs to escalate by 45% in 2050, 

while total agriculture production needs to be roughly doubled between 2005 and 2050 [2,5]. 

However, achieving these targets will be difficult due to the sensitivity of agricultural production, 

particularly crop production, to environmental conditions (such as climate change) [6,7]. Large 

variations in crop production due to extreme weather stress can result in volatile prices in the local 

and global food markets that can endanger food security, especially for low-income populations 

and subsistence farmers who spend the majority of their income on food [3,4]. To mitigate the 

impact of these variations introduced by weather stress and meet potential food demand targets, a 

variety of strategies (such as nitrogen (N) fertilization) are used to increase the crop yield. 

However, these efforts may lead to eutrophication in surface waters, deplete groundwater supply 

for irrigation, degrade soil quality, and acidify forests, all of which can have long-term negative 

impacts on crop yield [8ï10].    

Given these challenges, there has been considerable interest in determining 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 production could be achieved by extensification (e.g., expanding 

croplands) and intensification (i.e., increasing fertilization and irrigation). Between the two 

approaches, extensification is typically associated with the expansion of croplands, typically 
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replacing natural ecosystems and leading to greenhouse gases emissions, biodiversity loss, soil 

degradation, and climate change [1]. For instance, between 1980 and 1990, clearing forest in 

tropical regions accounted for more than 80% of new croplands [11].  

Crop production can be increased by intensifying management inputs such as fertilizer, 

pesticides, and irrigation, as well as improving TMP (e.g., crop breeding and precision agriculture) 

[12ï15]. Despite the variety of approaches to increase yield, many regions around the world are 

experiencing crop yield stagnation (i.e., a diminishing return of crop yield to resource inputs) 

[8,16ï19]. Most often, the underlying reasons for yield stagnation are limited natural endowments 

(e.g., crop land and irrigation), climate change, and inadequate management practices regarding 

fertilizer application, irrigation, cultivar type, and crop rotation [17]. Such diminishing crop yield 

patterns may come at the expense of the potentially limited availability of an adequate amount of 

crop supply, which subsequently threatens food security [20]. If there is a persistent slowing-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 yields, sudden and large reductions in crop yields 

are another source of concern for food security. Large drops in crop yield increase yield variations, 

depress farmersô welfare, and make food prices volatile, thereby disrupting food supply and 

stability [21]. Weather conditions, pests and diseases, geopolitical events, and socioeconomic 

changes all contribute to yield variation [9,22ï25]. There is evidence 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 damage to the global food systems [24,26ï29]. Assessing 

the primary causes of interannual variability of yield as well as large negative yield deviations is 
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critical for reducing food price volatility and achieving stable food supply on a national and 

international scale.  

International trade is considered as one of the adaptation strategies to avoid shortages in 

the food supply and reduce the negative impact of a sudden reduction in the crop supply, but with 

debatable effects [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. 

However, the international trade network has become more intensely interconnected, making 

countries heavily dependent on imports [32ï34]. When both the trade partners (i.e., importer and 

exporter) experience simultaneous yield failures, high import dependence becomes problematic 

[35ï37]. Furthermore, countries rely on a small number of large exporters with specialized food 

production, and concurrent supply shocks in these major exporters have had an impact on net 

importers via export restrictions and destabilized crop prices [32,38,39]. Hence, understanding the 

mitigation potential of international trade in achieving stable food supply warrants further 

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 diminishing returns 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 

weather on international trade needs a deeper investigation. As a result, in this dissertation, using 

historical datasets, we apply statistical and machine learning approaches to characterize 

relationships between crop supply (as quantified by international trade and crop yield) and its 

associated drivers. These emerging approaches in the field of food security and agricultural 
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production offer the opportunity to study the complex crop production and trade systems on a 

global scale by capturing nonlinearities that are often unexplored in traditional modeling 

approaches. In particular, we 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 the key ecological and socioeconomic 

drivers influencing crop yield and the international trade network in achieving stability of crop 

supply? To address this question, we have computationally investigated the pressing challenge of 

meeting growing food demand that requires 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 regression, and 

network analysis, we have uncovered key fundamental relationships that are essential for the 

assessment of stable food supply in the future. Specifically, this dissertation examines long-term 

yield trends, yield shocks, and international trade networks, as well as 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 

(Figure 1.1). In the second Chapter, we model the long-term trends of crop yield with N inputs and 

TMP, with the aim of quantifying the N inputs (i.e., N-fertilization, N-manure, N-fixation and N-

deposition) and technological advancement required to meet the rising food demand while 

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 Chapter, we describe the analysis of crop 

yield shocks and identify potential drivers that can lead to these shocks. Finally, the impact of yield 
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synchrony and extreme weather events on the international wheat trade network is explored in 

Chapter 4. More specifically, the major objectives and motivations of each chapter are listed 

below.   

 

Figure 1.1. Overview of the dissertation with interconnection between chapters. The TMPs stand 

for technology and management practices 

 

Chapter 2: Modeling the long-term 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 long-term yield trends under various projection 

scenarios. Nonetheless, the widely used ñBusiness-as-usualò scenario for projection assumes that 

the current state of affairs stays the same with current Nitrogen Use Efficiency (NUE; the fraction 

of applied nitrogen recovered in a harvested crop) being 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 2, we use scenario design to predict N inputs in 2050 while accounting 

for diminishing returns to fill this knowledge gap. 

o Research objectives: 
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I. Model the impacts of N inputs on crop yield trajectories by country and crop type around 

the world 

II.  Analyze the role of TMP in improving nitrogen use efficiency 

III.  Predict N inputs 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., shocks). However, studies lack to quantify the magnitude 

of shock and investigate changes in shock caused by drivers. Given the large impact of shocks in 

destabilizing the food supply and security, the third Chapter focuses on negative wheat yield 

deviations (also known as shocks) and the factors that cause them.   

o Research objectives: 

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

to food security 

II.  Evaluate the spatial and temporal variation of the negative deviations in wheat yields and 

their implications for food security 

III.  Quantitatively evaluate the socioeconomic and ecological causes of shocks  

Chapter 4: Investigating the global wheat trade networkôs response to extreme weather stress 

and synchronous yield fluctuations  

Despite extensive research into the role of international 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 food supply. Chapter 4 
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quantifies the relationship between these factors and the international trade network, using wheat 

as an example.  

o Research objectives: 

I. Assess the impact of extreme weather stress and yield synchrony on international wheat 

trade network 

II.  Examine the influence of geopolitical and economic factors, and production levels on 

international wheat trade network 

1.3. Publications 

The dissertationôs three core chapters (Chapters 2-4) have been or will be published as journal 

articles. Below are their references: 

¶ Chapter 2: Vishwakarma S, Zhang X, Mueller ND (2022). ñProjecting future nitrogen 

inputs: are we making right assumptions?ò Environmental Research Letters DOI: 

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

¶ Chapter 3: Vishwakarma S, Zhang X, Lyubchich V. ñQuantitative analysis of negative 

wheat yield shocks and their drivers across the globeò (to be submitted) 
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Chapter 2: Modeling the long-term yield trajectory considering the 

impact of nitrogen inputs and technologyÀ 

 

In this chapter, we predict the nitrogen (N) inputs to 2050 in cropland by investigating long-term 

yield trajectories. We use yield response functions to characterize a given level of technology and 

management practices (TMP) by using a consistent dataset. To project N inputs to 2050, we develop 

and test three approaches, namely ñSame NUEò, ñSame TMPò, and ñImproving TMPò. We find 

the approach that considers diminishing returns in yield response functions (ñSame TMPò) resulted 

in 268 Tg N yr-1 of N inputs, which was 61 and 48 Tg N yr-1 higher 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 reduce to 204 Tg N yr-1, a value that 

is still 59 Tg N yr-1 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 needs to be carefully explored when investigating future N budgets. Within 

the context of global crop N management, the implications of these results are discussed.  

 

 

 

 

 

 

______________________________________________________________________________ 
ÀExtracts of this chapter are available in Vishwakarma S, Zhang X, Mueller ND (2022). ñProjecting future 

nitrogen inputs: are we making right assumptions?ò Environmental Research Letters DOI: 

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

Global nitrogen (N) inputs to crop production have increased from 37 Tg N yr-1 in 1961 to 163 

Tg N yr-1 in 2009 contributing to a 69 Tg N yr-1 increase in crop yield [40]. While this change 

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

air quality from regional to global scales [41,42]. It has been proposed that global N inputs, mainly 

contributed by high- and mid-income countries, have already exceeded the so-called ñplanetary 

boundaryò, which marks the safe operating space for humanity, by over 83ï142% [43]. In 

contrast, many regions of the world, such as Sub-Saharan Africa (SSA), still have N inputs as one 

of the major limiting factors for crop yield [44ï48]. To meet rising food demand, global crop 

production is projected to increase by 60ï110% by 2050 compared to 2005 baseline [1,3,49,50], 

suggesting a continuous increase in demand for N inputs worldwide. But the question 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 been conducted based on historical records of N inputs, Nitrogen Use Efficiency 

(NUE; the fraction of applied nitrogen recovered in harvested crop), and food demand [3,51ï55]. 

Future N inputs can be calculated using projected 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 scenarios [5,56].  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 

scenario or ñBusiness-As-Usualò (BAU) scenario, which considers that the state of technology and 

other socioeconomic conditions do not have major changes [51,54,57,58]. However, considering 
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the diminishing return of yield response to N inputs [59,60], 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 yield means stagnating crop yield with increasing N inputs, 

and it has often been utilized at farm-scale agronomic research [60ï62].   

Even though several recent studies implemented the dynamic yield response to N inputs in 

national or global scale analyses and N inputs projection (e.g., Lassaletta et al. [40,59]; Mogollon 

et al. [55]; Mueller et al. [63]; Billen et al. [64ï66]), most use aggregated N inputs or NUE of all 

crop classes and ignore the large variability in N inputs and NUE among crops 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 classes [15]. Such differences among crop classes are also evident on a 

national scale. For example, in China, average NUE (2011ï2015) of different crops ranged from 

0.08 to over 0.60 [67], while the aggregated NUE (i.e., NUE calculated for all crops) in China for 

year 2010 was 0.20ï0.30 [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 future of N inputs. As there is considerable variability among 

global N budget datasets [68], as well as datasets from different spatial scales [69], it is also critical 

to utilize a consistent dataset in a simple and transparent 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 1961ï2015; design and implement three 

approaches to project N inputs in 2050 considering different assumptions for NUE and yield 

response; compare our projections with existing literature; and discuss the implications of our 

findings for future N projections.  
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2.2.  Material and Methods 

2.2.1. Data sources  

This study used the Global Database of Nitrogen Budget in Crop Production, a country- and crop- 

specific N budget database, and updated it for the period of 1961 to 2015 based on the 

methodologies developed by Zhang et al. [15]. The total N inputs to cropland included N-

fertilization, N-manure, N-fixation and N-deposition in kg N ha-1 yr-1, while the output included 

crop yield (i.e., grains or editable parts of the crop only; straw and residues are not included) 

representing N in harvested crop (kg N ha-1 yr-1). The N-manure represents the amount of manure 

collected and applied to cropland. The analysis was performed with a focus on the crop production 

system, and was carried out for 115 countries or regions based on the list of major crop producing 

countries used in Zhang et al. [68] for statistical assessment, and 11 crop classes following 

International Fertilizer Associationôs (IFA) guidelines [70] (see Appendix Table A1 and A2). 

Projections of crop yield and harvested area for year 2050 were from Food and Agricultural 

Organization of the United Nations (FAO) 2012 report [5] with baseline year of 2006 (averaged 

2005ï2007), which was derived based on food demands and is in line with historical trajectories 

of N yield for major regions (Appendix A, Figure A17). The projected crop yield is expressed in 

kg N ha-1 yr-1.  

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 NUE (Table 2.1 and Appendix A, Note A3).  
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Table 2.1. Summary of projection approaches and their assumptions 

Projection Approaches Assumptions 

Same NUE NUE for each country stay the 

same at current level (i.e., averaged 

NUE for 2011ï2015)* 

Same TMP The yield response function, 

representing the level of TMP as 

well as environmental conditions, 

stays the same as the current level 

(i.e., determined by observations 

from 2006 to 2015) 

Improving TMP  

 

The yield response function keeps 

evolving following the pace and 

trajectory observed in the past 

decades (1961ï2015)  

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

the other does not.  

ñSame NUEò approach 

The first approach, named ñSame NUEò, assumes that NUE stays the same as the current level 

(i.e., averaged NUE for 2011ï2015). We first estimated the NUE for each country (Ὧ) and crop 

class (ὧ) for the 2011ï2015 period (ὸ), 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, Equation A1). We then calculate total N input quantity in 2050 using the harvested 

area from the same report [5] (Appendix A, Equation A2). 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 the crop-specific NUE (see Appendix 

A, Note A3.1 for details). 
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Figure 2.1. Illustration of projection approaches using N use data for Chinaôs wheat production as 

an example. The projected N inputs are shown as colored triangles: pink and green triangles for 

ñSame NUEò and ñSame TMPò approaches (panel a) and grey triangles for ñImproving TMPò 

approach (panel b). The pink dashed line represents average NUE for 2011ï2015 (panel a). The 

yield response relationships estimated using one-parameter hyperbolic relationships are 

represented as colored lines:  Green and grey lines for ñSame TMPò (2006ï2015) (panel a; 

Appendix A, Equation A5) and ñImproving TMPò scenario (Appendix A, Equation A5 and A7), 

respectively, while other green lines in panel b are yield response relationships for different period 

from 1961ï2015 (panel b; Appendix A, Equation A5). The shaded area around lines is the 95% 

confidence interval estimated using 1000X bootstrap resampling. The blue horizontal line is the 

2050 yield target obtained from FAO 2012 report. 

ñSame TMPò approach 

The second approach, ñSame TMP,ò considers the technology and management practices (TMP, 

represented by the yield response function derived from the observations during 2006ï2015) 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 to characterize such relationship between N inputs and yield 

[59,71ï73]. The yield response function could be changed due to the adoption of new TMP, such 

as precision farming, controlled release fertilizer, nitrification inhibitors and  polymer-coated 

fertilizer [60]. 
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Based on the N inputs and yield records for the most recent ten years (i.e., ὸ  2006 to 

2015), we first estimated a yield response function for each country and crop class (Appendix A, 

Equation A5; Figure 2.1a). Then, we used these yield response functions to estimate N input rates 

when yield changes to 2050 level (Appendix A, Equation A6). Similar to several published studies 

[55,59,63], we adopted the one-parameter hyperbolic 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.  

ñImproving TMPò approach 

The third approach ñImproving TMP,ò assumes that TMP keeps evolving following the pace and 

trajectory observed in the past decades (1961ï2015).  Therefore, for each country and crop class, 

we first estimated yield response functions based on the N inputs and yield records for each of the 

six time periods between 1961 and 2015 (Figure 2.1b). As the coefficient of the hyperbolic yield 

response function (ὓ ȟȟ) represents maximum achievable yield, it serves as an indicator of the 

TMP level represented by the yield response function [59]. Larger values of the coefficient 

demonstrate improvement in TMP, and vice-versa [55]. Consequently, we used ὓ ȟȟ for the past 

six time periods to extrapolate to 2050 and estimate a new yield response curve, which is then used 

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 response to non-fertilizer 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 inputs by 2050, the range of 

projected increase varies substantially, from 41% to 85% relative to the baseline year 2006 

(average 2005ï2007) (Table 2.2). The ñSame TMPò approach projects that global N inputs will 

reach 268 (254ï295; 95% confidence interval) Tg N yr-1 by 2050, significantly higher than the 

ñSame NUEò approach, which projects 207 (200ï215) Tg N yr-1. The higher projected N inputs 

are accompanied with lower NUE and higher N surplus by the ñSame TMPò approach than those 

projected by the ñSame NUEò approach (Table 2.2). This demonstrates that future N input could 

have been underestimated by ignoring the diminishing return in yield response to N inputs. On the 

other hand, the projected N input by the ñImproving TMPò approach, 204 (196ï229) Tg N yr-1, is 

not significantly different from the ñSame NUEò approach. No significant difference between the 

two methods is found in projected NUE and N surplus either. It suggests that N inputs could be 

maintained around the level projected with ñSame NUEò if TMP keeps improving at the pace of 

past five decades, which could be a very optimistic assumption.   

Projecting N inputs without considering the shifts in crop mix leads to biases in the 

projection. Taking the ñSame NUEò approach as an example, using the aggregated NUE for all 

crops instead of crop specific NUE results in an overestimation of 13 Tg N yr-1 (or 6%) for future 

N inputs globally (Table 2.2), 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 

between the ñSame NUEò and the ñSame TMPò approaches. 

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

response to fertilizer and non-fertilizer inputs (Appendix A, Note A6.3 and Table A5). When N-
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fixation is assumed to be constant and stay at the current level until 2050, the projections are around 

7 Tg N yr-1 (or 3%) lower than the N inputs projected from the ñSame TMPò approach that uses 

all N inputs in the yield response curve. In contrast, when only N-fixation followed the yield 

response curve and the remaining N-inputs are assumed to stay at the current level until 2050, the 

projections are 36 Tg N yr-1 (or 13%) lower than the ñSame TMPò approach. 

Table 2.2. Global N inputs (Tg N yr-1) for 2050 with different approaches and their variants 

Approaches Variants N inputs 

(Tg N yr-1) 

NUE N surplus 

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 One-parameter 

hyperbolic yield 

response function 

268 [254 295] 0.38 [0.34 0.40] 168 [153 194] 

Improving 

TMP 

One-parameter 

hyperbolic yield 

response function 

204 [196 229] 0.49 [0.44 0.51] 103 [95 128] 

Note: Using bootstrap resampling for 1000X; the values within brackets are 95% confidence intervals 
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Figure 2.2. Projected country-level increase (decrease) in N inputs in 2050 relative to baseline year 

2006 (average 2005ï2007). Each box represents a country. Each country is represented by the 

three-letter acronym following the definition of ISO alpha-3 country code (ISO 3166-1: 2013). 

The horizontal lines in the box show the changes in projected N inputs from baseline, while the 

width of the line shows the countryôs N input contribution in the baseline year. The filled grey box 

shows the distinctness between ñSame NUEò and ñImproving TMPò approaches. The countries 

are arranged in a decreasing order of their N inputs in the baseline year. 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 N yr-1 out of 145 Tg N yr-1 

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 study (Figure 2.2). India and Brazil may increase N inputs by 14ï26 (the 

lower and upper bounds of projection results from different approaches) and 8ï12 Tg N yr-1 
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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 0.23ï0.30 in India and 

0.45ï0.57 in Brazil (Appendix A, Figure A7). The USA, China, and Argentina are among the top 

five countries considering the projection with the ñSame TMPò or ñSame NUEò approach only; 

but N input may reduce from the baseline level in China following the ñImproving TMPò 

projection. Despite the projection methods, the NUE in China and India are consistently lower 

than USA, Argentina and Brazil (Appendix A, Figure A7), suggesting the critical role of improving 

NUE for reducing global N inputs and the urgency of accelerating the development and adoption 

of nitrogen-efficient agricultural practices (i.e., improved TMP) in these two countries. We further 

note the critical situation in India, where NUE is projected to decline even in the ñImproving TMPò 

approach, suggesting the pace of TMP improvement in the past decades is not even sufficient to 

keep the NUE constant. 

Among the nine world regions [74], Asia accounts for the largest 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 methodology (Figure 2.3). About 57% of the increase is 

contributed by India. In comparison, SSA accounts for 3% of global N input for the baseline year, 

but its projected increase is 8ï22 Tg N yr-1, about 174ï502% of the current level. SSA has the 

largest variation in projected NUEs among all world regions, suggesting how TMP will be adopted 

in SSA is critical in determining the future N inputs in this region [75] (Appendix A, Figure A8).  

Almost all countries and regions project the largest increase in N inputs with the ñSame 

TMPò approach, higher than both ñSame NUEò and ñImproving TMPò approaches. This 

observation confirms that ignoring the diminishing return in yield response (i.e., the ñSame NUEò 

approach) may underestimates future N inputs on a national scale. Almost half of countries (about 
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43%, e.g., China and USA) show higher projection with ñSame NUEò than with ñImproving TMPò 

approach. It 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 there are countries (e.g., India 

and Pakistan) show the opposite pattern, indicating the improvement in TMP need to be 

accelerated in order to increase NUE and achieve the target yield.  

 

 

Figure 2.3. Projected regional-level increase (decrease) in N inputs from baseline year 2006 

(average 2005ï2007). 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 regionôs N input 

contribution in the baseline year. The filled grey box shows the distinctness between ñSame NUEò 

and ñImproving TMPò approaches.  The countries are arranged in a decreasing order of their N 

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 levels but also to the different projection approaches 

(Figure 2.4). For example, with the ñSame NUEò approach, soybean is projected to increase N 

inputs by 13 Tg N yr-1, the highest among all crop groups, and it is mainly contributed by 80% 

expansion in production level globally. In contrast, with the ñSame TMPò approach, maize projects 

the highest increase in N inputs at the level of 26 Tg N yr-1, about 98% higher than the projection 

by the ñSame NUEò approach. In contrast to the large variation in projected N inputs, the 

differences in NUE caused by projection approaches are smaller than the differences among crop 

classes (Appendix A, Figure A9): across all projection approaches, soybean has the highest NUE 

at 0.73ï0.81 (the lower and upper 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 0.14ï0.20.   

The projected increase by the ñSame TMPò approach is consistently higher than the other 

two approaches indicating the impact of diminishing return in yield to N inputs in projection. 

Meanwhile, the ñImproving TMPò approach projects the lowest increase in N inputs for most crop 

classes except Fruits and 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 already the lowest 

among all crop classes, this result highlights the urgency for accelerating the improvement in N 

management for these crops.  
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Figure 2.4. Projected crop-level increase (decrease) in N inputs from baseline year 2006 (averaged 

2005ï2007). Each box represents a crop type. The horizontal lines in the box show the changes in 

projected N inputs from baseline, while the width of the line shows the regionôs N input 

contribution in the baseline year. The filled grey box shows the distinctness between ñSame NUEò 

and ñImproving TMPò approaches. The crop classes are arranged in a decreasing order of their N 

inputs in the baseline year. 

2.4. Discussion 

2.4.1. Are we being optimistic to assume constant NUE with increased crop 

production? 

The much higher projected N inputs from the ñSame TMPò than the ñSame NUEò approach 

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, it has been widely 

recognized that the yield response to N inputs gradually levels off as N inputs and yield increase 

for a given farm and TMP level [60]. Applying this theory of diminishing return to a broader spatial 

scale [59,63] suggests that achieving 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 more N-efficient 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 portfolio projected by FAO [5],  

soybean production (with world average NUE of 0.80; Zhang et al. [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 and Vegetables 

production (with world average NUE at 0.14; Zhang et al. [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 be converted to food products [77],  therefore, it 

is important to recognize that improving NUE for the whole food supply chain is critical in addition 

to improving the NUE for crop production [41,78,79].  

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 quantified and reported 

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 

quadratic plateau function resulted in higher N inputs projection than hyperbolic yield response 

function (see Appendix A, Table A4). It leads to even larger difference between the ñSame TMPò 

and ñSame NUEò approaches, supporting our conclusions regarding the impacts of considering 

diminishing returns on N input projection. Indeed, yield increases are not only limited by N inputs 

and N 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 function, they are implicitly 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 non-fertilizer inputs and was assessed by varying the use of fertilizer and non-fertilizer inputs 

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

well as the crop specific projections (Appendix A, Table A5).  

A survey of existing projections for crop N inputs reveals large variations among studies 

(Figure 2.5), which could be attributed to a range of causes, such as projection methods and 

assumptions, the coverage of N inputs (total N vs fertilizer only), the baseline year, the projection 

year, and the coverage of crop classes considered (See Appendix A, Table A6). Among all studies, 

Mogollón et al. [55] and Lassaletta et al. [40] are the only two studies to consider the diminishing 

return in yield response. Their projection approaches correspond to ñSame TMPò and ñImproving 

TMPò approaches in this study respectively, and the projection results are about 12 Tg N yr-1 and 

3 Tg N yr-1 higher than our results, respectively.  The differences are mainly caused by their 

approach to project yield response function (ὓ) to 2050. The Mogollón et al. [55] projected ὓ 

based on the relationship between ὓ and Gross Domestic Product (GDP) for each world region in 
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their study, whereas we performed linear extrapolation of  ὓ to project future yield response curve 

and N inputs. In contrast, Lassaletta et al. (2016) used the past three decades (1980ï2009) for 

extrapolation of yield response curve, while we used the past five decades (1961ï2015). 

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 ñImproving TMPò approach, such as Wood et al. [58] and Erisman et al. [51], assume an 

increase in NUE by 30% and 50% by 2050 relative to the baseline (1997 and 1995ï97) resulting 

in 107 and 100 Tg N yr-1 N fertilizer inputs for cropland, respectively. Despite using different 

approaches, their projections estimates are similar to our N fertilizer projection in the ñSame NUEò 

approach which is around 114 Tg N yr-1 (assuming fraction of fertilizer in total N stay the same as 

in baseline year). Cassman et al. (2003) and Wood et al. [58] assumed constant NUE in their 

projection, but Cassman et al. [57] was projecting for an earlier year 2025. Accounting for N 

fertilizer inputs only, our projection in the ñSame TMPò approach is about 15% higher than 

Cassman et al. [57] and 6% lower than Wood et al. [58] . Despite the difference, almost all 

projections are outside the N planetary boundaries [43,80], and most of the predictions are 

surpassing the upper bound 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 assumptions and crop 

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 United Nations Statistical Database (FAOSTAT [81]), 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 crop [68,69]. 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, further investigation 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.  

 

Figure 2.5. 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 (half-filled), 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 (62ï82 Tg N yr-1) of anthropogenic N inputs from fertilizer and biological N fixation 

introduced into the earth system adopted from Steffen et al. [43].  The details of the projections 

from these studies are in Appendix A, Table A6. 

2.4.3. Implications for crop N management  

Crop N management is facing tremendous challenges in the next three decades. The 

projections in this study suggest that N inputs will continue to increase by 59 Tg N yr-1 (115 Tg N 
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yr-1 for N surplus and 0.49 for NUE) globally, even if TMP keeps improving at the pace of past 

decades. To meet the food demand and bring N surplus back to planetary boundary, Zhang et al. 

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

projected NUEs are still much lower even with the ñImproving TMPò approach (assuming the 

TMP improves at the pace of past decades) (Appendix A, Note A9). For instance, NUE of China 

(0.43), Brazil (0.57) and India (0.29) in the ñImproving TMPò approach are significantly lower 

than the NUE goals of 0.60, 0.70, and 0.60, respectively (see Appendix A, Figure A7). Among the 

11 crop classes, Fruits and Vegetables and Sugar Crops 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 0.53, respectively) in the ñImproving TMPò approach lower than the 

NUE goals (0.70, 0.60, and 0.70, 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 example, 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 TMP such as 

ó4Rsô principles [82] and improved crop cultivars [83]. However, such improvement has been 

heavily relying on market incentives (e.g., fertilizer 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 coming decades 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 increase 

relying more on TMP improvement than input increase, which is challenging for least developed 

countries with very limited resources [41,79]. 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 more N-efficient TMP, although phasing out subsidies need 

to be balanced with food security and social well-being 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 conditions can 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 practices [84ï86]. 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 have increasingly 

recognized the adverse impacts of inefficient N use not only on ecosystem health but also on 

human health and the economy [87], and consequently, an increasing number of countries have 

put forward policies and targets to curtail N inputs in agricultural production (e.g., the ñZero 

growthò goal for fertilizer consumption set by the Chinese government; [88]. Finally, despite the 

recent set-back by the COVID-19 pandemic and the rise of deglobalization movements, 

international collaboration and open science-sharing 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 Business-As-Usual (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 N inputs 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 challenges such 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 challenges 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 demonstrates the importance 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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Chapter 3: Identifying spatiotemporal patterns of wheat yield shocks and 

associated drivers 
 

 

Sudden reductions in crop yield (i.e., shocks) severely disrupt the food supply, intensify food 

insecurity, depress farmersô welfare, and worsen economic conditions in a country. In this chapter, 

we study the spatiotemporal patterns of wheat yield shocks, quantified by lower quantiles in yield 

fluctuations, in 86 countries over 30 years. Furthermore, we assess the relationships between 

shocks and their key ecological and socioeconomic drivers using statistical and machine learning 

techniques of quantile regression. According to the findings, the severity of yield shocks has been 

increasing globally since 1997. The severity of yield shocks or large yield losses corresponds to 

higher extreme weather stress, nitrogen fertilizer application rate, and gross domestic product 

(GDP) per capita. These unexpected relationships of shocks with fertilizer application rate and 

GDP per capita suggest that the focus of these advances has been primarily on achieving higher 

crop yields instead of lowering the possibility and magnitude of sharp yield reductions. This 

indicates a risk to the crop production and supply systems particularly under climate change and 

increasing fertilizer use. Hence, the findings suggest the critical need to develop future technology 

and management practices to mitigate yield shocks. 
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3.1. Introduction 

To meet rising food demand and ensure food security, increasing crop yield over the long-

term has been the focus of agricultural production [2]. However, large year-to-year fluctuations in 

crop yield pose a significant threat to global food security. These fluctuations, if not within 

manageable limits, can trigger a cascade of effects on global food systems [89]. In particular, large 

and abrupt reductions in yield compared to its average level can result in shortages of crop 

products, reduced farmersô income, increased volatility of commodity markets, disrupted 

resilience of food supply, and a surge in food prices [90ï92]. Such a situation 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. As the production of a major 

commodity concentrates in a few regionally specialized countries, simultaneous failure of 

production may become more likely, due to rising future vulnerabilities in the face of climate 

change and extreme weather [35,89,92]. There is a need to understand the historical patterns of 

severe yield shocks to reduce crop production 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 coefficient of variation (CV) and standard deviation (SD) (Appendix 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 negative deviations 

are of disproportionately higher concern due to their adverse impact on farmersô revenues and 

amplified production-related risks. These negative deviations are most felt by the world's poor, 

who spend 50-70% of their income on food  [93]. Hence, to address the global food security 
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challenge, an in-depth investigation on the spatiotemporal patterns of shocks and their drivers is 

critical. 

The majority of current yield shock analyses so far use a relative scale, defining the shocks 

using the lower percentile of normalized yield anomalies ὣὭὩὰὨ ὶὩίὭὨόὥὰίȾ

ὉὼὴὩὧὸὩὨ ώὭὩὰὨ ὺὥὰόὩ ) [16,94,95]. Although the normalization reduces dimension dependency 

and allows for cross-region 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 

maintaining a countryôs food supply [25,96]. 

  Among the studies that investigated shockôs drivers, many fall short in quantifying the 

effects of the drivers. Crop production is extremely sensitive to environmental conditions, 

especially climate and extreme weather [2,44,46,95,97], but yield variability is also affected by 

other factors. A detailed global shock assessment conducted by Cottrell et al. [25] showed that 

approximately 50% of the crop sector shocks occurred due to climate and weather events, while 

the remaining portion of shocks mostly happened due to mismanagement, economic factors, 

geopolitical events, policy 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 thorough investigation by Cottrell et al. [25], the driversô assessment was 

qualitative, 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, we characterize yield variability for countries 

around the world during 1979ï2014 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 yield fluctuations. Then, we develop statistical and machine learning quantile 
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regression models to investigate the effects of ecological (e.g., extreme weather stress) and 

socioeconomic (e.g., gross domestic product (GDP) per capita) drivers on the yield shocks. The 

quantile regression approach enables us to concentrate on the lower quantile of crop yield 

anomalies and assess the impact of various drivers on shocks [98ï104]. By performing a 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-1 yr-1) representing nitrogen (N) in the harvested crop from the Global Database of 

Nitrogen Budget in Crop Production [15]. The wheat yield is expressed in kg N ha-1 yr-1, 

considering the protein provision by per hectare of wheat plantation. This yield variable is a 

multiplication of yield level and N content of crop wheat. Therefore, the spatial and temporal 

pattern of this yield variable is the same as that of yield measured by kg ha-1 yr-1. The 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. Table 3.1 shows the data 

sources and spatiotemporal resolutions of the drivers. We also listed the hypothesized relationships 

of drivers with shocks and underlying mechanisms in Appendix B, Table B1. The analysis was 

carried out for countries with at least ten years of wheat yield records. Furthermore, 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 3.1. Data types and sources of variables used in the analysis 

Data  Data source Spatial scale  Temporal scale 

Weather: 

Maximum 

temperature 

Minimum 

temperature 

Total daily 

precipitation 

ECMWF [105] 0.75o 1979ï2014 

Crop presence: 

Harvested area (ha) 

Crop calendar 

 

Monfreda et al. [106] 

Sacks et al. [107] 

 

5 arcmin 

0.5o 

 

2000  

1ï365 (day of 

year) 

Nitrogen 

fertilization (kg N 

ha-1 yr-1) 

 

Zhang et al. [15] 

 

 

86 countries 1979ï2014 

Nitrogen yield (kg 

N ha-1 yr-1) 

Zhang et al. [15] 86 countries 1979ï2014 

Area equipped with 

irrigation (1000 ha) 

FAOSTAT [108] 86 countries 1979ï2014 

Cropland area 

(1000 ha) 

FAOSTAT [108] 86 countries 1979ï2014 

GDP per capita 

(2010 USD) 

World Bank [109] 86 countries 1979ï2014 

Agriculture, 

forestry, and 

fishing, value added 

(% of GDP) 

World Bank [109] 86 countries 1979ï2014 

 

 Both climatic and non-climatic factors were examined as drivers of yield 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 of non-climatic drivers, we considered 

four factors (i.e., N fertilization, area equipped for irrigation, per capita GDP, and percentage value 

of agriculture in GDP). While there are numerous other non-climatic factors that can cause shocks, 
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these variables were selected because of their strong relationship to country-level crop yields, high 

data quality, and low collinearity among them (Appendix B, Figure B7 and Table B3). We 

discussed the uncertainty and limitations of the unconsidered variables in the discussion section of 

this chapter.  

 

Extreme weather stress 

To evaluate the extreme weather stress during the growing period of a crop, we developed a range 

of crop-specific extreme weather indices ([110]; Appendix C, Notes C3 and C4). 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 five-step 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 each grid cell 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 using the elbow 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 of shocks corresponds to higher weather stress in a country 

(Appendix B, Table B1). 

Gross domestic product (GDP) and agricultural GDP 

 

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

and technological advancement. The GDP per capita involves the investment in fertilizers, 
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management practices, and machinery [113,114]. 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 shocks. Furthermore, we considered the percentage share of the 

agricultural sector in total GDP, which indicates the contribution of agriculture to the economy of 

a country by producing goods, and generating labor and capital. We hypothesized that higher GDP 

per capita and agricultural GDP correspond to smaller yield shocks and higher crop yields.  

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 higher N fertilizer application 

results in lower yield shocks and higher yields. N fertilizer application (kg N ha-1 yr-1), 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, the severity of shocks [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 area (PIA) is the ratio of the land area equipped with irrigation (AEI) and the 

cropland area (CA): 

ὖὩὶὧὩὲὸὥὫὩ ὭὶὶὭὫὥὸὩὨ ὥὶὩὥȟὖὍὃȟ  ȟ

ȟ
                     (3.1)  

where AEI includes the ñareas equipped for full control irrigation, equipped lowland areas, and 

areas equipped for spate irrigationò [115]. The subscripts ὧέ and ώὶ represent the country and year, 

respectively. The selection of AEI in this study is due to its high data quality and coverage of 

majority of countries compared to other country-level datasets representing irrigated area (e.g., 

wheat-specific irrigated area from AQUASTAT [116]). 
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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 losses [16,94,95]. More specifically, in this 

study, a two-step approach was adopted to quantify yield shocks. First, we detrended each 

country's wheat yield time series using a locally weighted regression approach [117,118]) (see 

Appendix C, Note C5; [110]). Later, in quantile regression models, these yield fluctuations were 

used as the response variable. Second, the lower quantiles of the fluctuations were calculated to 

quantify yield shocks per country and sub-period. We visualized these lower quantiles to describe 

the spatial and temporal patterns of the shocks (Appendix B, Note B4). Following these definitions 

of shocks, the hypothesized relationships of shocks with drivers are in SI Appendix, Table S1. 

Following these definitions of shocks, the hypothesized relationships of shocks with drivers are in 

Appendix B, Table B1. 

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 drivers because of its popularity in food security and agricultural studies, as well 

as its ease of regressing drivers on quantiles [119ï121]. It is based on the parametric quantile 

regression approach, which is an extension of linear regression to analyze the conditional 

distribution of the response. In addition to the existing features of quantile regression, LQMM 

provides a flexible framework to include random intercept and random slopes. In this study, only 

random intercept was used at the level of the country: 

  ὣ ‌ ‍ ὢ ‎ ‭                                               (3.2) 

where ὣ  represents is the pth quantile of yield fluctuations, covariates ὢ include heat stress, cold 

stress, N fertilization, per capita GDP, percentage value of agricultural GDP, and percentage 
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irrigated area Ὥ ρȟȣȟὔ , ‌ and ‍ are fixed intercept and slopes, ‎ is random intercept, ὧ

ρȟȣȟὅȠὅ ὲόάὦὩὶ έὪ ὧέόὲὸὶὭὩίȟ‭ is random error, and ὸ represents the year. We used the R 

package lqmm [122] to fit LQMMs. For selecting 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 results of the LQMM analysis. Unlike LQMM, the QRF 

assesses nonlinear relationships between the shocks and their drivers. The R packages grf [123], 

ranger [124], and MML [125] were used to fit the models and display 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. Covariates for which the lower end of the SCI was above zero were 

considered statistically significant. Furthermore, we assessed the importance of the covariates 

based on the proportions that were used for calculating SCI. 

Assessing model performance 

The model performance was evaluated in a cross-validation study. The cross-validation was 

repeated 100 times, with 70% of the panel data randomly selected for training and the remaining 

30% for testing the models. The performance of each model was evaluated using the quantile 

weighted errors [126]:  

ὃὝὡὉὴ В ” ώ Ὣ ὴ                                     (3.3)  

where ὲ is the number of observations, ώ is the observed values, Ὣ ‡ represents the predicted 

quantiles, ὴ is the quantile, and ” is the quantile loss function: 

” ό ὴ Ὅ ό                                         (3.4) 

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 wheat yield has either 

increased or stagnated, and yield shocks have become more intense. The results show that SD has 

increased globally (Figure 3.1a), while CV has decreased in some of the countries (Figure 3.1b). 

Based on the lower quantiles of detrended yields, the negative shocks become more severe (see 

the leftward shift of the density curves in Figures 3.1d-f).   

The general pattern of SD and CV observed on the global level still holds for most countries 

with some exceptions (Appendix B, Figures B1-B5). The yield variations measured by SD and CV 

appear to be increasing in European and African countries. In these two regions, a few countries 

experience substantial variation over time, including Namibia, Chad, Niger, Sweden, France, and 

the Netherlands (Appendix B, Figures B1 and B2). The same countries also face large negative 

shocks (i.e., very low 1% quantile) from 1997 to 2014 (Appendix B, Figure B3).   

 

Figure 3.1. Shifts in the distribution of yield variability over time, quantified with different 

indicators (panels a-f). The x-axes show the values of the indicator in kg N ha-1 yr-1 except for the 

coefficient of variation that is dimensionless, while y-axes show the distribution density. Each 

colored line shows the distribution per sub-period. 
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3.3.2. Historical trends of major  drivers 

For the six drivers tested in this study, they show distinct historical trends across income groups. 

Based on the World Bank classification, our analysis includes 29 high-income, 20 upper-middle-

income, 23 lower-middle-income, and 14 low-income countries out of 86 countries (Appendix B, 

Table B4). Among these classifications, heat stress is lower in high-income countries compared to 

remaining income groups (Appendix B, Figure B9). Meanwhile, N fertilization rate is higher in 

high-income countries (Appendix B, Figure B11). The agricultural GDP in the high-income group, 

on the other hand, is the lowest (Appendix B, Figure 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 of low-income countries, the irrigated land area has increased in 

lower-middle-income and upper-middle-income countries over the years, while high-income 

countries have shown little change (Appendix B, Figure B14). 

3.3.3. Influence of drivers on yield shocks  

The results from both QRF and LQMM show that higher extreme weather stress 

corresponds to more severe yield shocks for all three selected shock levels (i.e., quantiles 1%, 5%, 

and 10%; Table 3.2 and Figures 3.2a-b). This finding is consistent with the hypothesized 

relationship (Appendix B, Table B1). Besides linear relationships observed from LQMM, the 

QRF, which is used as a complementary approach to LQMM, captures nonlinearities between 

shocks and weather stress. Further exploring the partial dependence plots from QRF (Figure 3.2a), 

we find that countries with heat stress between 3000 and 6000 show less severe shocks compared 

to other heat stress levels. The majority of countries in this range of heat stress are from Sub-

Saharan Africa, the Middle East, and Latin America. With the increase in heat stress (greater than 

6000 and less than 9000), the majority of shocks are seen in the Middle Eastern & North African 

region. In addition to heat stress, it is found that the severity of shocks increases with the increase 
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in cold stress, especially when cold stress is around 2000 (Figure 3.2b). The sudden drop in yield 

due to higher cold stress is mostly found in European and Eurasian countries (such as Denmark, 

Hungary, and Norway).  

Table 3.2. Estimated coefficients of the LQMMs for 1979ï2014 for the three quantiles 

Driver  Quantile 

1% 5% 10% 

Heat stress -1.86 x 10-3 

(3.35 x 10-4) 

-8.24 x 10-4  

(1.18 x 10-4) 

-5.42 x 10-4  

(7.57 x 10-5) 

Cold stress ð 

 

-4.94 x 10-4 

(1.83 x 10-4) 

-3.68 x 10-4  

(1.57 x 10-4) 

GDP per capita  -3.41 x 10-4 

(4.22 x 10-5) 

-2.34 x 10-4 

(1.76 x 10-5) 

-1.74 x 10-4 

(2.19 x 10-5) 

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

 

The higher per capita GDP is associated with the severe yield shocks in both the QRF and 

LQMM. This finding refutes the hypothesis that higher GDP per capita countries tend to have 

better crop management and more resources and technologies available, resulting in less intense 

shocks (See mechanism of impact in Appendix B, Table B1). Further investigation of the data-

driven relationship from QRF (Figure 3.2d) reveals that countries with lower per capita GDP face 

less severe shocks compared to higher per capita GDP. However, exceptions in higher GDP 

countries exist where a slight reduction in shocks is seen. These countries include the USA in 

2006ï2007, Canada in 2012, and Sweden in 2004, when their per capita GDP was in the range of 

47,000-50,000 US$.  

In contrast to per capita GDP, agricultureôs contribution to GDP shows an overall positive 

association with the yield shocks. The magnitude of shocks at all levels of quantiles reduces by 

the order of 2 kg N ha-1 yr-1 with the increase in agricultureôs contribution to GDP increases (Figure 
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3.2f), except for a few extreme cases which show a sudden drop in shock (1% quantile) between 

40ï50% of agricultural GDP, mostly due to Chad and Niger in the Sub-Saharan Africa region.  

Similar to per capita GDP, higher N fertilization also corresponds to severe shocks. 

Majority of countriesô N fertilizer application rates range from 0 to 300 kg N ha-1 yr-1 (i.e., grey 

shaded area in Figure 3.2c). According to the QRF model, the severity of yield shocks increases 

across all quantiles in that range of N fertilization. The largest drop in shocks, around 200 kg N 

ha-1 yr-1 is majorly due to Bulgaria in 1983. Only a few countries have application rates greater 

than 300 kg N ha-1 yr-1. Among those countries, Ireland and the Netherlands are primarily 

responsible for the large shocks. 

The irrigated area exhibits a nonlinear relationship with yield shocks. For countries with 

an irrigated area less than 25%, an increase in irrigated area is accompanied by a reduction in the 

severity of shocks. In contrast, for countries that heavily rely on irrigation (e.g., irrigated area is 

larger than 50% of cropland area), higher irrigated area is associated with more severe shocks. 

Furthermore, water-stressed countries such as Egypt and Iraq are primarily responsible for extreme 

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



 

 

43 

 

 
Figure 3.2. Partial dependence plots resulting from quantile random forest (QRF) for three chosen 

shock levels in 1979-2014. The y-axis indicates shocks, while x-axes show the drivers. The gray 

shaded area spans between the 2.5% and 97.5% quantiles of covariate on the x-axis (i.e., covers 

95% of the cases).  

3.3.4. Different importance of drivers  

Among all tested drivers for yield shocks, the top three most important ones include heat stress, N 

fertilizer, and agricultural GDP. While these three drivers remain among the top three across all 

quantile levels tested in this study, the rankings of these three drivers are slightly different 
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according to the QRF ranking approach (Appendix B, Figure B8). The ranking result for shock 

corresponding to 1% quantile is heat stress, N fertilizer, and agricultural GDP. Similar patterns are 

seen for 5% shock level, but N fertilizer ranked first and heat stress ranks second. At the 10% 

quantile, heat stress ranks first, followed by agricultural GDP and N 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 that can influence the severity of shocks.  

3.3.5. Model performance 

In the cross-validation 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 drivers that are not modeled in LQMM due to restrictive linear assumptions on the 

shapes of relationships. Furthermore, in cross-validation, LQMM does not show significance for 

the majority of drivers except for heat stress, cold stress, and GDP per capita. In the QRF model, 

however, all of the considered drivers are significant. 

Table 3.3. Average quantile-weighted absolute error (ATWE) obtained from QRF and LQMM 

for three quantiles from 100 cross-validation runs 

 

Quantile 

ATWE (kg N ha-1 yr -1) 

LQMM  QRF 

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 year-to-year yield variation, but these 

indicators depict very different pictures of yield stability. For example, in this study, we tested 
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three indicators, namely CV, SD, and lower quantiles (1%, 5%, and 10%) of yield anomalies. 

While CV indicator suggests an increase in stability of wheat yields over time, SD and lower 

quantiles suggest an increase in variation and intensity of shocks, respectively.  

Among these indicators, CV and SD use both the positive and negative deviations in the 

crop yield fluctuations to assess the variation in wheat yield. The different historical trends of yield 

variability depicted by CV and SD are mainly caused by the increasing average yield. Overall, the 

assessment of SD emphasizes the yield variation in the absolute term, while CV emphasizes the 

yield variation in a relative term as it is normalized by the average yield level for the country during 

a certain period [16,23]. 

In contrast to these two indicators, lower quantiles quantified the negative deviations in the 

crop yield. The negative deviations demonstrate the reduction in crop yield and the subsequent 

severe impact on the two critical dimensions of food security (i.e., food availability and food 

stability). In particular, we chose lower quantiles (1%, 5%, and 10%) of yield anomalies as an 

indicator of variation because they show extreme drops in crop yield. Many countries show a slight 

increase in the severity of shocks measured by lower quantiles. This 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 that the indicators used for quantifying yield variations need 

to be selected based on the scope of the study and the emphasis on food security.  SD and CV 

could be used to quantify the overall historical variations of crop yield, while the former indicator 

emphasize absolute changes and the latter emphasize relative changes. However, indicators such 

as lower quantiles that emphasize specifically on large reductions (i.e., shocks) might assist in 
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introducing strategies to mitigate the 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 stress is consistent with studies 

that reported the sensitivity of crops to weather stress during the growing stage of crop 

[25,97,98,127ï129], the association of shocks with the GDP and N fertilization is 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 that high-income 

countries with high GDP are associated with higher use of resources that enhance yield (like N 

inputs that boost yield, for example). Even with such resources, these countries are subject to 

severe shocks, demonstrating that advances in agricultural production technology and 

management approaches are primarily focused on achieving higher yields rather than reducing the 

severity of yield fluctuations, particularly shocks [113,130]. 

Contrary to per capita GDP, the severity of shocks either reduces or stays the same with 

the increase in the percentage share of the agriculture sector in GDP for majority of countries. 

Except for high-income nations, agriculture accounts for a sizable portion of GDP across the 

remaining income classes. Such a substantial contribution of agriculture to GDP demonstrates the 

importance of agriculture in the economy, especially in developing countries [131]. Despite their 

reliance on agriculture, developing countries have less technological support and are frequently 

subjected to extreme weather stress. This indicates a potentially difficult  situation for future food 

security.   

In terms of policy, our findings suggest the urgent needs to guide utilization of resources 

(e.g., fertilizer, labor, energy, irrigation, land), investment in technology and management 
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practices, and credit expansion initiatives from a focus on yield enhancement to reducing the 

severity of yield shocks and their consequential impacts on food security. Other adaptation 

strategies include investing in climate smart agriculture [132], diversifying production and supply 

to avoid over-reliance on a few sensitive crops for production and consumption [97,133], and 

planting drought tolerant crops [134]. These adaptations can minimize negative repercussions 

beyond the farm level in countries that occur due to shocks (i.e., unemployment, migration, and 

conflict) [96,135]. 

3.4.3. L imita tions 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 and fertilizer prices. We checked their data quality and possible 

collinearity among them (Appendix B, Note B6). We find that data are available for various 

socioeconomic drivers globally, but many countries lack up-to-date data (Appendix B, Table B3). 

For example, fertilizer price is one of the determinants that has a monumental influence on yield 

shocks due to its role in a farmerôs decision to purchase fertilizer, but many developing countries 

have either zero-inflated data or missing values. Similar data constraints are observed when 

accounting for other variables such as agricultural machinery, refugees, and warfare. Other 

socioeconomic variables (e.g., employment in agriculture) are available, but are collinear with the 

variables already included in our models. For example, employment in agriculture was not used in 

the models because it strongly correlated with agricultureôs contribution to GDP, which is a 

covariate in this study. Hence, those variables were not considered in the modeling analysis. Future 

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 models. By accounting for the excluded 

variables, the existing analysis of wheat yield shocks could be strengthened. Moreover, this model 

can be applied to other crop classes. Such refinement in the current analysis will improve our 

understanding of the resilience of global food systems and food security. 

3.5. Conclusion 

Our work shows that wheat yield shocks, measured by lower quantiles (1%, 5%, and 10%), have 

become more intense in the past decades. In comparison, standard deviation (SD) shows an 

increase in variation over time, while coefficient of variation (CV) shows a decrease in variation 

and an increase in stability. The regression analysis shows an increase in the severity of shocks 

with the increase in extreme weather stress, GDP per capita, and nitrogen fertilization, while it 

decreases with the increase in agricultural GDP. The association of GDP per capita and fertilizer 

application with shocks suggests that the improvement of cropping systems has been mostly 

focusing on increasing yield instead of mitigating intense shocks. Our findings highlight the 

importance of including historical assessments of shocks and their drivers when evaluating 

adaptive mechanisms at a national scale in order to improve the resilience of global food systems.  
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Chapter 4: Investigating the global wheat trade networkôs response to 

extreme weather stress and synchronous yield fluctuationsÀ 

 

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 commodities. To understand the mitigating potential of international trade, in 

this chapter, we use the international wheat trade network, develop two network-based covariates 

(i.e., difference in extreme weather stress and short-term synchrony of yield fluctuations between 

countries) and test specialized statistical and machine-learning 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 after controlling 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 weather stress and yield synchrony among countries. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
ÀExtracts of this chapter are available in Vishwakarma S, Zhang X, Lyubchich V (2022). ñWheat trade 

tends to happen between countries with contrasting extreme weather stress and synchronous yield 

variationò Communications Earth & Environment DOI: https://doi.org/10.1038/s43247-022-00591-7  
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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 2003ï2013, extreme weather events have caused marked 

damage of USD 30 billion to agricultural productivity [138]. Crop production was impacted the 

most, with yield reductions[138ï142] introducing price volatility in the food systems [136,143], 

affecting food trade, the welfare of farmers, and economic development, especially in low-income 

or import-dependent countries [136,144ï146].  

International crop trade can potentially alleviate the negative impacts of extreme weather 

events on food security by exporting food commodities from surplus to deficit regions [147]. 

Currently, international trade accounts for 23% of the global food supply for humans through 

major food commodities. Wheat, a crop essential for peopleôs daily caloric and protein needs, was 

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 2009 [148ï150]. However, a heavy 

reliance on imports from other countries or the global market may expose a country to the yield 

and market variations outside of the countryôs jurisdiction and consequently introduce additional 

risk to the countryôs food supply. For example, the 2010 heatwave in Russia triggered export 

restrictions for wheat, led to a wheat shortage and price spike in the Middle East, where over 1/3 

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 yield fluctuation 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; however, such associations remain poorly understood and require an in-depth 

investigation [151].  

 The occurrence and volume of the trade between countries have been often 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, agricultural productivity, language, contiguity, level of economic 

development, and trade agreements [152ï156]. Several recent studies have evaluated the impacts 

of climate factors [153], but most focus on the average state of the climate, such as annual rainfall, 

annual evapotranspiration, and annual temperature [153,157,158]. Many studies have examined 

the impacts of natural disasters [159,160], most of which are quantified based on deaths and losses 

due to rare events like flood or drought [161] and are not specific to the impacts of extreme weather 

events on crop production [111,162]. Only a few studies investigated the impacts of extreme 

weather stress and synchronous crop yield fluctuations [37,92,163,164], 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 derive data-driven 

relationships. Prior research of the potential drivers used regression models that impose multiple 

restrictive assumptions on the shapes of relationships (e.g., linear, log-linear, or log-log) and data 

distribution [158,165ï169]. These regression approaches focus on modeling the attributes of 

network vertices without considering the structure of the network. In contrast, network analysis 

emphasizes both the vertices and structure of the network; thereby, it is capable of handling 

complex relationships [170,171]. Only recently, the statistical exponential random graph models 
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(ERGMs) have been used to investigate the relationships between international trade links (or 

volume) and their potential drivers [156,172,173]. The ERGM has proven to be superior in 

capturing zero-inflated trade volumes and complex trade patterns (e.g., third-party relations and 

clustering), compared to traditional approaches [156]. 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 relationships from the data, such data-driven 

approaches have been rarely utilized in trade analysis [174]. 

To address these knowledge gaps, we proposed network-based 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 used geopolitical (e.g., contiguity) and 

economic (e.g., regional trade agreements) factors, two network-based covariates were developed 

to characterize the extreme weather stress and yield synchrony, namely the difference in extreme 

weather stress (DEWS) and short-term 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 in an importing country. The 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 yields in one country correspond to 

similar deviations in other countries. A positive STS indicates synchronous fluctuations, while a 

negative STS indicates asynchronous fluctuations. Using the two network-based covariates, we 

hypothesize that 1) Higher weather stress 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 complexity and 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 machine learning techniques, was selected as a nonparametric alternative for 

benchmarking the results. We compared the performance of ERGM and RF in cross-validation for 

different types of networks, which highlighted the strengths and weaknesses of these alternative 

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 countries with 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 the stability 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 records [105], annual wheat yield [15], 

annual wheat production [15], and bilateral trade volume [150] for the period of 2005ï2014. To 

assess crop-specific weather conditions for countries around the world, global maps of crop 

calendar [107] and harvested area [175] were used. The other datasets used in this study include 

the distance between countries [176], and their official languages [177] , contiguity [176], gross 
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domestic product (GDP) [109], GDP per capita [109], General Agreement on Tariffs and Trade 

(GATT)/World Trade Organization (WTO) memberships, and regional trade agreements (RTA) 

[178,179] (Appendix C, Table C1). 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 analyzed period were selected for this study (115 countries, see Appendix C, 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 calculated as the ratio of net imports 

(i.e., ὭάὴέὶὸίὩὼὴέὶὸί) and total production of the crop (kg) and net imports (kg):  

 ὍὈὙ 
 

   
 ,                                             (4.1) 

4.2.3. Network-based covariates for extreme weather stress  

To assess the extreme weather stress in wheat-producing 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 hypothesis that trade is 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 cases with large 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 indices [180]  (Appendix C, Table C2) for each spatial grid 

during the growing season of wheat with crop calendar in each year from 2005 to 2014 (Appendix 

C, Algorithm C1 and Note C2). The weather indices represent extreme weather stress as they 
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quantify the temperature and precipitation conditions that are outside the optimal growing 

conditions (i.e., comfort zone) of wheat [180]. Second, we aggregated the weather indices for 

relevant areas. The gridded maps of weather indices from the first step 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 disregarded) (Appendix C, Algorithm C1, Note C2, 

and Figure C36). This resulted in 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 modeling. 

In the principal component analysis (PCA) of the extreme weather indices (see Appendix C, Note 

C4), the first two principal components (PCs) account for 87.7% of the variation, and they 

represent cold and heat extreme weather stress conditions, respectively, in a countryôs wheat-

producing region (Appendix C, Figure C2). Fourth, we defined DEWS for cold stress (DEWScold) 

(or heat stress; DEWSheat) as the difference in the cold stress PC (or heat stress PC) in two 

countries, where DEWS < 0 means higher stress in importing country, and DEWS > 0 means 

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 short-term 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 weighted regression approach 

(see Appendix C, Note C5 and Figure C3). 

4.2.5. Trade networks  

Based on the bilateral wheat trade flows during 2005ï2014, two types of trade networks were 

developed and examined in this study, namely unweighted directed and weighted directed 

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 unweighted directed 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., countries) and 5726 directed edges, resulting in an average in/out-degree of 50 

(Appendix C, Figures C7, C30, and C31). 

4.2.6. Exponential random graph model 

The exponential random graph model (ERGM) was chosen as the most suitable and powerful 

statistical approach for network modeling. ERGM is an exponential probability model used to 

predict edges (or weights on edges) between nodes in a network ὣ [181].  

0Ò
ȟ+
ὣ ώ

 Ẍ ȟ

ȟ
ȟώᶰ+,                                     (4.2) 

where —ᶰᴙ represents model coefficients, Ὣώȟὢ are statistics corresponding to ώ and covariates 

ὢ, ‖—ȟώ is the normalizing factor, and + is the set of all possible networks for the given number 

of nodes. 

In this study, the network ╨ represents network realization of the observed network ώ, 

covariates ὢ 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 unweighted directed). 

See Appendix C, Note C6, for details on the model specification in R software. In addition to the 

above-defined ERGM, several different combinations of ERGM are tested (see Appendix C, Note 

C15 and Note C18).  

The sign and magnitude of the ERGM coefficients for each covariate (Tables 4.1 and 4.2) 

demonstrate the likelihood of link formation in the trade network [156]. A significant (p-value < 

0.05) positive coefficient shows that higher 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 using t-test at 0.05 significance level.  

4.2.7. Random forest model 

The random forest (RF) model [182] was used as an alternative nonparametric method for 

modeling the two trade networks. RF is one of the best-performing 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 fewer tuning parameters. 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 defaults [118]. 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 number of units in each layer, dropout 

rates, size and number of filters in convolutional layers) [183]. We chose RF due to its competitive 

performance, ease of specification, and rising popularity in agricultural studies [184ï186]. 

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 tree is trained 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 in Appendix C, Note C7). The relationships captured by RF are investigated 

through partial dependence 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 covariates based on the mean 

decrease in the predictive accuracy of a regression tree when values of one of the covariates are 

randomly permuted [118]. 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 permutations [187]. 

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 cross-validation, five years of data from the observed period 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 details in Appendix C, Note C8).  

Two types of errors were calculated in the cross-validation. For the models of the 

unweighted network, we used misclassification error (MCE): 

ὓὅὉ ρ ὲ Ὕὖ Ὕὔ,                                                            (4.3) 

where ὲ is the sample size, Ὕὔ and Ὕὖ are the counts of true positive and true negative 

classifications.  

For the models of the weighted network, we estimated mixed error (ME): 
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ȿ ȿ
 ,                                                              (4.4) 

where ὕὝ is the observed trade volume, and ὖὝ is the predicted trade volume for i-th trade 

connection. The cross-validation 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 wheat production 

Cold and heat stresses were identified as the major contributors to the variability of extreme 

weather indices developed for a countryôs wheat production. A total of 17 indices were used to 

quantify weather stresses (including heat stress, cold stress, flood, and drought) during the growing 

period for wheat in 115 countries for the years 2005ï2014 (see Methods and Appendix C, Note 

C3). The first two principal components of the 17 indices, dominated by cold and heat stress, 

represent 65% and 22.7% variance of the weather index matrix, respectively (Appendix C, 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 are correlated with 

the import dependency (Figure 4.1; detailed results in Appendix C, Table C3 and Figure C13-29). 

It suggests that the scale of wheat production in a country was not necessarily affected by the 

extreme weather stress in the wheat-producing region, but a countryôs dependency on wheat 

imports was associated with higher heat stress. Furthermore, out of 115 major wheat-producing 

countries in our study, 56 countries have an import dependency ratio (IDR) greater than 50% 

(mostly in developing countries), while only 27 countries are net exporters. Since around half of 

the countries are highly import-dependent for wheat, trade plays an important role in ensuring a 
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stable wheat supply. The pairwise relationships between weather stress and other major 

characteristics 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 higher import trade partners (Appendix C, 

Figures C8ïC11 and Table C3). 

 

Figure 4.1. Relationship between import dependency ratio and weather stress. Relationships 

between the 2005ï2014 import dependency ratio (IDR; Eq. 1) and derived 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 size of the point corresponds to the average wheat production during 

2005ï2014. The black lines represent the estimated linear relationships between weather stress 

and IDR (p-value = 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 and one without 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 model, we conducted cross-validation. 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 trade volume (Tables 4.1 and 4.2; see the distribution of cross-validated 

error in Appendix C, Figures C5-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 exporting country (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., DEWSheat > 0; Table 4.1, and Appendix C, Figure C12b). These model results 

align with the observed relationship between import dependency and heat stress (Figure 4.1b). 

The differences of both heat and cold stress between countries have significant 

relationships with trade volume. The RF shows overall higher trade volumes correspond to higher 

heat stress in importing countries (i.e., when DEWSheat < 0, compared with DEWSheat > 0, similar 

to the ERGM results); however, the relationship is not exactly linear, and the trade volumes 

increase marginally for DEWSheat around zero (Figure 4.2b). Higher trade volume is predicted 

when differences in cold stress between partners exist (i.e., DEWScold Í 0; Figure 4.2a); however, 

in contrast to the heat stress, two upper deciles of DEWScold are associated with higher trade 

volumes. In particular, the biggest spike in Figure 4.2a is driven by Germany, i.e., large exporter 

that may experience more severe cold stress than their trade partners do (DEWScold > 0). The cases 

of DEWScold > 3000 are dominated by Japan, Mongolia, and South Korea in the exporter role; 

hence, the corresponding average trade volumes decline from the peak values (Figure 4.2a). The 
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RF rankings of variables by their predictive importance are consistent between the weighted and 

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 regional trade agreements (RTA) is 

ranked tenth (Appendix C, Figures C32 and C33). Permutation-based assessment of statistical 

significance of the importance values identified all the variables in the RFs as statistically 

significant, which means the RF models have one additional variable (DEWScold) 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 unweighted network shows that 

STS is positively associated with the likelihood of trade partnerships (Table 4.1). In the weighted 

trade network, RF detects a nonlinear relationship characterized by the overall accelerating 

increase of trade volume with the increase in 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 

asynchrony (STS  ï1) and synchrony (STS  1) of yield fluctuations tend to trade more. 
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Table 4.1. Summaries of the models for 2005ï2014 unweighted directed (trade presence) 

international wheat trade network 

Model Covariate  Coefficient p-value Error  

ERGM DEWSheat -2.45 × 10-5  

(4.39 × 10-6) 

<10-4 5.17% 

STS 0.13  

(4.40 × 10-2) 

0.0036 

Production 7.02 × 10-10 

(4.39 × 10-11) 

<10-4 

GDP  1.91 × 10-13 

(1.28 × 10-14) 

<10-4 

GDP per capita 6.36 × 10-6 

(6.45 × 10-7) 

<10-4 

GATT/WTO -0.455 

(3.52 × 10-2) 

<10-4 

RTA 0.97 

(0.102) 

<10-4 

Distance -2.82 × 10-5 

(2.16 × 10-6) 

<10-4 

Contiguity 2.30  

(0.167) 

<10-4 

Common official language  0.27 

(6.13 × 10-2) 

<10-4 

RF DEWSheat, DEWScold Appendix C, 

Figure C4 

0.01, 

0.01 

21.15% 

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, DEWS: difference in extreme weather stress, STS: 

short-term 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 cross-validated misclassification error for trade presence. 
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Table 4.2. Summaries of the models for 2005ï2014 weighted directed (trade volume) 

international wheat trade network 

Model Covariate  Coefficient p-value Error  

ERGM DEWScold 

 

-4.82 × 10-6  

(7.55 × 10-7) 

<10-4 1.48 

 

DEWSheat -4.59 × 10-6 

(2.51 × 10-7) 

<10-4 

STS  2.14 × 10-2  

(3.97 × 10-9) 

<10-4 

Production 2.23 × 10-10  

(9.54 × 10-12) 

<10-4 

log10(GDP)  -1.43 × 10-2 

(2.06 × 10-9) 

<10-4 

GDP per capita 1.41 × 10-6 

(2.68 × 10-8) 

<10-4 

GATT/WTO -9.79 × 10-2 

(1.18 × 10-8) 

<10-4 

RTA 0.186  

(1.30 × 10-8) 

<10-4 

Distance -5..95 × 10-6  

(9.22 × 10-8) 

<10-4 

Contiguity 0.49 

(2.19 × 10-8) 

<10-4 

 Common official language 3.56 × 10-2 

(2.48 × 10-8) 

<10-4  

RF DEWSheat, DEWScold Figure 4.2 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: 

short-term 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 cross-validated mixed error for trade volume. 



 

 

65 

 

 

Figure 4.2. Random forest partial dependence plots for trade volume in 2005ï2014. The x-axes 

represent the considered covariates: (a) difference in extreme cold stress (DEWScold), (b) 

difference in extreme heat stress (DEWSheat), (c) short-term synchrony (STS), (d) distance, (e) 

contiguity, (f) common official language, (g) difference in production, (h) The General Agreement 

on Tariffs and Trade (GATT)/ World Trade Organization (WTO), (i) Regional Trade Agreements 

(RTA), (j) gross domestic product (GDP) per capita, and (k) GDP. The inner tickmarks on the x-

axes represent deciles of the variables. The y-axis represents the marginal effect of the covariate 

on wheat trade volume. The blue bars show marginal effect caused by categorical covariates, while 

black lines show marginal effect due 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: population-weighted 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 important role of these 

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 language (Table 4.1), which 

aligns well with the existing findings in the literature. The RF results show, similarly to ERGM, 

higher trade volumes for countries that are contiguous and have a common official language 

(Figures 4.2e and 4.2f), and an overall negative relationship between trade volume and distance 

(Figure 4.2d). However, RF was also able to model nonlinearity in the latter relationship, 

characterized by substantial spikes in trade volume around the deciles 3ï4 and 9ï10 of the 

population-weighted distance (Figure 4.2d). 

The inclusion/exclusion of these covariates in the ERGM and 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 each other 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 excluded (Appendix 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, and technology 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 (Figure 4.2g and 

Appendix C, Figure C12a). The amount of production plays a critical role in a countryôs decision 

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 (Figure 4.2g). A substantial increase in trade volume is predicted when the production is 

higher in exporting country (i.e., difference in production > 0 compared with difference in 

production > 0), such a pattern is similar to ERGM results. The cases with difference in production 

> 109 (i.e., 1 million tonnes; upper decile) mostly include the Russian Federation, the USA, and 

India as the major exporters. Specifically, the highest marginal increase in trade volume (Figure 

4.2g) 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 several other economic factors, including 

GDP, GDP per capita, GATT/WTO membership, and RTA. These variables are frequently used 

to account for multilateral resistance, total expenditure, and market size in international trade 

[188,189]. The ERGM results show that trade partnerships are more 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 marginal increase 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. However, including these factors in the models does not 

change the relationship between the trade network and the two main covariates (i.e., DEWS and 

STS).  

4.4. Discussion 

4.4.1. 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 investigation into the historical records for the 

period of 2005ï2014. 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 between trade 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 vulnerable to synchronous yield failure. A recent study projected that 

synchronous failure in wheat yield can lead to about a 33% reduction in wheat production [35], 

which is equivalent to half of the projected wheat consumption by 2050 [3]. Hence, 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, especially those low- and middle-

income countries that are dependent on imports [136,190].  
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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. This finding indicates the role of international trade in 

alleviating the long-term 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 increases in the import linkages are likely to occur, particularly in tropical countries that are 

already import-dependent. Consequently, whether these countries can establish more trade 

linkages on time to combat the climate-change-induced stress in domestic production 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 when designing trade agreements and establishing trade partnerships. Countries 

have been choosing their trade partner mainly based on economic benefits (e.g., promising duty- 

and quota-free access to the international market) or geopolitical relations, while few consider 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 countries or regions, and potentially expose 

these countries to a higher risk of food insecurity when trade partners are facing synchronous yield 

losses. For instance, Ukraineôs substantial (~77%) wheat production losses in 2007 compared to 

2006 forced its trade partners to buy wheat from other countries (e.g., Australia, France, the USA, 

Russia, Kazakhstan) and relax import barriers to meet their domestic food demand [191]. Such 

rapid alterations in trade partners within a year overwhelm not only the major exporters through 

reduced stock-to-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 Ukraine or the global market, potentially contributing to 

spikes in wheat prices [38,191]. 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 partnerships, 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 their portfolio 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 benefits. In addition, the examination of yield synchrony 

and extreme weather stress in existing partnerships will inform the design 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 testing 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 range of covariates, 

we find that ERGM performed better when investigating the unweighted network, and RF 

performed better for the network with trade volume (Tables 4.1 and 4.2). The reason for the better 

cross-validation performance of ERGM in an unweighted network but not 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 captures 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 cross-validation 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 predictions of trade 

volume (see Table 4.2 and Appendix C, Figures C5 and C6). The correlation of observed and 

predicted percentage contributions of each country in global export volume is 0.91 (Appendix C, 

Figure C34). However, the correlation between observed and predicted trade volumes is not as 

strong (Appendix C, Figure C35). 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 adjustments for imbalanced (zero-inflated, in case of numeric 

response such as trade volume) distributions. Substantial progress has been made in RF 

classification to deal with imbalanced datasets [192ï195], but developments for RF regression 

with zero-inflated data are still ongoing [196]. 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 research is needed to improve the modeling and prediction of trade volume in the context 
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of climate change by incorporating production and demand levels of both the importing and 

exporting countries.  

4.5. 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 to have trade 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 global wheat 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 significant relationships 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 stability and fairness of the global food system.  
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Chapter 5:  Conclusions and future work 
 

Due to population and income growth, the demand of crops in many regions around the globe is 

increasing. Producing higher quantity of crop commodities is required to meet the rising food 

demand. The increase in crop production relies on a number of factors, such as fertilizer 

application, expansion of cropland, irrigation facilities, and improvement in technology and 

management practices (TMP). Despite the available resources, crop sensitivity to a variety of 

drivers (such as extreme weather stress) makes achieving the desired level of crop production 

difficult . The negative effects of these drivers on crops endanger the availability of crops and 

subsequent crop supply in the global food systems. This dissertation advances the existing 

knowledge of drivers affecting crop production by delving into long-term yield trends, yield 

shocks, and international trade networks using modern statistical and machine learning models.  

 The dissertationôs second Chapter examined the long-term trajectories of crop yield and 

nitrogen (N) inputs, as well as their implications for food security and the environment. This long-

term yield assessment is critical for understanding the impact of stagnating crop yield (i.e., a 

diminishing return of crop yield to resource inputs) on food security. Using yield response 

functions that represent the diminishing return of crop yield to N inputs, we quantified the 

relationship between crop yield and N inputs from 1961 to 2015. These relationships were further 

used to project the quantity of N inputs required in cropland to meet the food demand in 2050 by 

designing several different scenarios at various technology and management practices (TMP) 

levels. The results show that if the TMP remains at the current level until 2050, the N inputs in 

2050 will be the highest, while an improvement in TMP could reduce N inputs in cropland. This 

key finding highlights the critical role of TMP improvements in reducing N pollution in the 

environment while also meeting the rising food demand. Although the designed scenarios predict 
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N inputs by capturing the impact of TMP in crop production, the scenarios have not explicitly 

included other factors (such as climate change and soil conditions) that may influence the yield 

response to N inputs. Future work could investigate the effects of additional factors on long-term 

yield trajectories while predicting N inputs.  

In addition to long-term yield trajectories, sudden and large reductions in crop yield (i.e., 

shocks) also have profound impacts on food security. In the third Chapter, we quantified wheat 

yield shocks and demonstrated the impact of ecological and socioeconomic drivers on yield 

shocks. Lower quantiles of yield fluctuations (i.e., 1%, 5%, and 10%) were used to indicate the 

yield shock levels, which were then modeled with drivers using quantile 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 area. The findings show that severe shocks correspond to extreme 

weather stress conditions. The association of shocks with N fertilizer application and per capita 

GDP, on the other hand, are unexpected. In general, per capita GDP could be considered as an 

approximation of the level of technological development, including the technology related to crop 

management, in a country. Furthermore, N fertilization supplies the necessary nutrient to increase 

the crop production. Therefore, it is expected that availability of advanced technology and resource 

input could mitigate crop yield shocks. The unexpected result indicates that the technological 

development and increase in nutrient inputs has been focusing on increasing yield rather than 

mitigating severe shocks. These shock-driver relationships reveal the importance of improving the 

existing technologies to deal with wheat yield shocks. Exploring these relationships with other 

crop types and testing the models on finer spatial resolutions can further improve the understanding 

of yield shocks. 
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To overcome the severity of crop yield shocks and meet the domestic food demand, 

international trade plays an important role in transferring crop commodities from surplus to deficit 

regions, but with debatable effects. Hence, in the fourth Chapter, we addressed the role of 

exporting and importing countries in balancing food supply and assessed the influence of drivers 

(such as extreme weather stress) on international trade partnerships. We used statistical 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 network-based drivers (i.e., 

extreme weather stress and synchronous yield variations), we 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 trade volumes 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 extreme weather stress 

and synchronous yield fluctuations could reduce the burden of sudden and concurrent restrictions 

in the exchange of crop commodities. These implications, however, are based on crop wheat only. 

The level of extreme weather stress and synchrony of yield variations may vary for different crop 

types.  Therefore, the current modeling approach can be expanded to other crop commodities to 

examine the influence of extreme weather stress and synchrony of yield variations on international 

trade. Furthermore, the impact of other factors, such as harvested area anomaly, food storage, 

domestic consumption, and safety net, is critical in understanding the impact of international trade 

partnerships on achieving stability in supply. 

Overall, the unifying theme of the dissertation is to better comprehend the role of a wide 

range of drivers for crop production and supply. The chapters of this dissertation are mediated by 
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a set of ecological (i.e., extreme weather stress), socioeconomic (e.g., GDP and regional trade 

agreements), and geopolitical (such as distance, contiguity) drivers, as well as the level of 

technology in the analysis. In conjunction with the quantification and assessments, these drivers 

suggest several strategies to consider in order to stabilize crop supply and achieve food system 

resilience. For instance, the crop yield could be increased by using different resources (e.g., N 

fertilization), but it is required to overcome the challenges that exist in improving and 

implementing TMP, especially in developing nations. Hence, it is critical to direct policies and 

financial support toward TMPs that increase crop production and reduce the severity of shocks. 

This is a necessary step towards meeting the growing food demand and reducing the environmental 

pollution load by 2050, when the global population is estimated to be around 9 billion. Aside from 

investments in TMPs to increase production and meet food demand, international trade could 

benefit less resourceful and potentially densely populated countries by transferring food from 

climate-friendly, higher production countries. However, the risk associated with synchronous yield 

variations and weather stress may disrupt the international trade network and threaten the food 

security in import dependent nations. To mitigate these negative consequences, it is critical to 

develop a trade portfolio for resilient food systems that takes extreme weather stress and 

synchronous yield variations into account. In conclusion, the analysis in this dissertation revealed 

that the mechanisms of influence varied for each driver when assessing the properties of complex 

food systems on a global scale. 

In summary, the research in these chapters can be explored in greater depth in future work, 

particularly by assessing their prospects in the context of food security in five ways. 

First, examineethe factors that are missing in the aforementioned relationships. The 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, aa more comprehensive analysis that incorporates these 

critical factors could further improve the understanding of crop production and supply, and the 

modelôs performance and predictions.   

Second, incorporate synchronous commodity patterns into the food systems analysis. In Chapter 

4, synchronous wheat yield fluctuations demonstrated a systemic risk in global food systems. By 

investigating synchrony behavior within and across other crop commodities, valuable insights into 

food security and food systems can be gained, and the understanding of teleconnected supply 

disruptions can be improved  [35,38,92,197,198].  

Third, investigate the driversdrivers at the finer resolution inin addition to the country scale. 

The analysis in this dissertation was conducted using national scale crop datasets, indicating a 

limitation in terms of spatial heterogeneity within a country. In the future, the analysis can be 

focused on finer spatial resolution to capture vital information at sub-national scale, and reveal 

hotspots that are smoothed out when analyzing at a national scale. 

Fourth, design projection scenarios in the yield shock and trade 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 (SSPs; [55,56]) on various food 

commodities and international trade partnerships.  

Fifth, implement advanced approaches in the context of food security. The application of 

statistical and machine learning methodologies in this dissertation has revealed complex 

relationships in crop production and supply. More exploration of advanced techniques (such as 

neural networks, clustering analysis, and deep neural networks) can be a part of future studies to 

understand critical relationships.   
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Appendices 

Appendix A 

This appendix contains supplementary information corresponding to Chapter 2. 

Note A1. 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 single region in 

this study. 

Table A1. List of 9 regions and 115 countries 

Regions Countries 

Asia Bangladesh, Bhutan, China, India, Indonesia, Japan, Lao 

Peoples Democratic Republic, Malaysia, Mongolia, Nepal, 

Pakistan, Papua New Guinea, Philippines, Republic of Korea, 

Sri Lanka, Thailand, Viet Nam 

Caribbean Cuba, Dominican Republic 

East Europe and 

Eurasia 

Albania, Bulgaria, Hungary, Poland, Romania, Turkey, 

USSR* 

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

Netherlands, Norway, Portugal, Spain, Sweden, Switzerland, 

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, 

Guyana, Honduras, Mexico, Nicaragua, Panama, Paraguay, 

Peru, Uruguay, Venezuela (Bolivarian Republic of) 

Middle east and 

North Africa  

Algeria, Egypt, Iran (Islamic Republic of), Israel, Jordan, 

Lebanon, Morocco, Saudi Arabia, Sudan (former), Syrian 

Arab Republic, Tunisia, United Arab Emirates, Yemen 

Pacific Australia, Fiji, New Zealand 

Sub-Saharan 

Africa  

Angola, Benin, Botswana, Burkina Faso, Burundi, Cameroon, 

Central African Republic, Chad, Comoros, Congo, Côte 

d'Ivoire, Democratic Republic of the Congo, Ethiopia, Gabon, 

Gambia, Ghana, Guinea, Guinea-Bissau, Kenya, Lesotho, 

Liberia, Madagascar, Malawi, Mali, Mauritania, Mozambique, 

Namibia, Niger, Nigeria, Rwanda, Senegal, Sierra Leone, 

South Africa, Swaziland, Togo, Uganda, United Republic of 

Tanzania, Zambia, Zimbabwe 
*FSU countries: Armenia, Azerbaijan, Belarus, Estonia, 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 crop classes, their definitions, and 95th percentile used 

Crop classes Definition  Upper limit of 

N input 

 (kg N ha-1 yr -1) 

Wheat Wheat 374 

Rice Rice 264 

Maize Maize 374 

Other Coarse 

Grain 

Barley, Buckwheat, Canary seed, Cereals; nes, 

Fonio, Millet, Mixed grain, Oats, Quinoa, Rye, 

Sorghum, Triticale 

238 

Soybean Soybean 296 

Oil Palm Oil palm fruit 134 

Other Oil Seeds Castor oil seed, Coconuts, Groundnuts; with 

shell, Hempseed, Jojoba Seeds, Karite Nuts 

(Sheanuts), Linseed, Melonseed, Mustard seed, 

Oilseeds; Nes, Poppy seed, Rapeseed, 

Safflower seed, Sesame seed, Sunflower seed, 

Tung Nuts 

256 

Cotton Seed cotton 222 

Sugar Crops Sugar beet, Sugar cane, Sugar crops; nes, 332 

Fruits and 

Vegetables 

Almonds; with shell, Anise; badian; fennel; 

corian, Apples, Apricots, Arecanuts, 

Artichokes, Asparagus, Avocados, Bananas, 

Berries Nes, Blueberries, Brazil nuts; with 

shell, Cabbages and other brassicas, Carrots 

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 and 

gherkins, Currants, Dates, Eggplants 

(aubergines), 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, Lemons 

and limes, Lettuce and chicory, Maize; green, 

Mangoes; mangosteens; guavas, Matā 

Mushrooms and truffles, Nutmeg; mace and 

cardamoms, Nuts; nes, Okra, Olives, Onions 

(inc. shallots); green, Onions; dry, Oranges, 

Other melons (inc.cantaloupes), Papayas, 

Peaches and nectarines, Pears, Peas; green, 

Pepper (Piper spp.), Peppermint, Persimmons, 

301 
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Pineapples, Pistachios, Plantains, Plums and 

sloes, Pome fruit; nes, Pumpkins; squash and 

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; dry, 

Beans; green, Broad beans; horse beans; dry, 

Carobs, Cassava, Chick peas, Cocoa beans, 

Coffee; green, Cow peas; dry, Fibre Crops 

Nes, Flax fibre and tow, Hemp Tow Waste, 

Hops, Jute, Kapok Fruit, Leguminous 

vegetables; nes, Lentils, Lupins, Manila Fibre 

(Abaca), Natural rubber, Other Bastfibres, 

Peas; dry, Pigeon peas, Potatoes, Pulses; nes, 

Pyrethrum;Dried, Ramie, Roots and Tubers; 

nes, Sisal, Spices; nes, String beans, Sweet 

potatoes, Taro (cocoyam), Tea, Tobacco; 

unmanufactured, Vetches, Yams, Yautia 

(cocoyam) 

283 

Note: The 95th percentile of N input is estimated using the recent 5 years (averaged 2011ï2015) 

 

Note A3. Methods 

The first approach, named ñSame NUEò, assumes that nitrogen use efficiency (NUE) stays the 

same as the current level (i.e., averaged NUE for 2011ï2015); the second approach, ñSame TMP,ò 

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); while the third approach ñImproving TMP,ò assumes TMP keeps 

evolving following the pace and trajectory observed in the past decades (1961ï2015). 

3.1 Same NUE approach  

With this approach, we used NUE by country Ὧ and crop classes ὧ for recent years ὸ to 

project N inputs in 2050, assuming NUE stays the same (Figure 2.1a).  

With changes in crop mix 

Ὅȟȟ
ȟȟ

ȟȟ ȡ
                                         (A1) 

Ὕὔȟȟ Ὅȟȟ Ὄȟȟ ρπ                                           (A2) 

where ὔὟὉȟȟ is NUE, Ὅȟȟ  ὯὫ ὔ Ὤὥ ώὶ  is N input rates (sum of fertilizer, biological 

fixation, atmospheric deposition, and manure), ὣȟȟ ὯὫ ὔ Ὤὥ ώὶ  is N yield, Ὕὔȟȟ 

ὝὫ ὔ ώὶ  is total quantity of N inputs, Ὄȟȟ Ὤὥ is harvested area, and ὸ is the year.  

Without changes in crop mix 

Ὅȟ
ȟ

ȟ ȡ
                                         (A3) 

Ὕὔȟ Ὅȟ Ὄȟ ρπ                                           (A4)                                      
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where ὔὟὉȟ  is NUE,  Ὅȟ ὯὫ ὔ Ὤὥ ώὶ  is N input rates (sum of fertilizer, biological 

fixation, atmospheric deposition, and manure), ὣȟ ὯὫ ὔ Ὤὥ ώὶ  is N yield, 

ὝὔȟὝὫ ὔ ώὶ   is total quantity of N inputs, Ὄȟ Ὤὥ is harvested area, and ὸ is the year. 

3.2 Same TMP approach 

The one-parameter 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 plateau [59,63]. Typical forms of yield response functions include quadratic 

plateau, exponential, Mitscherlich-Baule and one-parameter hyperbolic. 

Based on the N inputs and yield records for the most recent ten years (i.e., ὸ  2006 to 

2015), we first estimated a yield response function for each country and crop class (equation 5; 

Figure 2.1a). 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 one-parameter hyperbolic function as the yield response function, 

which can easily be parameterized on a country scale using annual data (Lassaletta et al. [40,59]; 

Mogollón et al. [55]; Mueller et al. [63]). 

ὣȟȟ ὓ ȟȟ
ȟȟ

ȟȟ ȟȟ
                                                   (A5) 

where ὓ ȟȟ ὯὫ ὔ Ὤὥ ώὶ  is the coefficient of a one-parameter 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 the 

historical records of N budgets on a national scale, and the coefficient ὓ ȟȟ is derived as a result. 

Therefore, the coefficient  ὓ ȟȟ is different from the potential yield acquired from agronomic 

research on a field scale.  

Ὅȟȟ
ȟȟ ȡ ȟȟ

ȟȟ ȡ ȟȟ
                                     (A6) 

Using the projected N input rates and harvested area in 2050 (Ὅȟȟ , we estimated total N 

inputs quantity (Ὕὔȟȟ) in 2050 (equation 2).  

 

3.3 Improving TMP approach  

The extrapolation of ὓ ȟȟwas 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 ὓ ȟȟ  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 function shows a nonlinear 

(ñUò shaped) relationship between time and ὓ ȟȟ (Figure A11a). For the remaining cases (Figure 

A11b), we assume ὓ ȟȟ stays the same as the current level (i.e., ὓ ȟȟ ȡ  ), which is 

equivalent to the ñSame TMPò approach.  

ὓ ȟȟ

‍ὸὅȟ                               ‍ π 

‍ὸ ‍ὸ ὅȟ      ‍ π   ‍ π  
 

ςπρρ

ὓ ȟȟ ȡ ȟ                                       έὸὬὩὶύὭίὩ 

                             

(A7) 

                                       

where ὸ = 2050, ‍ȟ ‍ȟ‍ ὥὲὨ ὅ  are obtained for each country and crop class by fitting either 

linear or quadratic relationship to the six records of ὓ ȟȟ   
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Consequently, we can project N input rates according to equation 6 by replacing 

ὓ ȟȟ ȡ  with ὓ ȟȟ , and calculate total N inputs quantity (Ὕὔȟȟ) using equation 2.  

One-parameter hyperbolic yield response function has a coefficient ὓ ȟȟ, which exhibits 

the maximum achievable yield of a cropping system. However, it is possible that the projected 

2050 yield ὣȟȟ  from FAO 2012 report [200] could be higher than the coefficient ὓ ȟȟ. 

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 use the 95th percentile of N inputs for 2011 to 2015 period as the upper bound of projected N 

input rates (see table A2 for the values of 95th percentile of N inputs). The flow diagrams of the 

ñSame TMPò and ñImproving TMPò approaches are presented in Figures A1 and A3. 

 

 
Figure A1. Flow diagram of the ñSame TMPò approach with one-parameter hyperbolic yield 

response 

 

 

 
Figure A2. Flow diagram of the ñSame TMPò approach with quadratic plateau yield response 

function  
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Figure A3. Flow diagram of the ñImproving TMPò approach with hyperbolic yield response 

function (See Note A4 and Figure A5 for ñseveral different constraintsò) 

 

 
Figure A4. Flow diagram of the ñImproving TMPò approach with one-parameter hyperbolic yield 

response function (See Note A4 and Figure A6 for ñseveral different constraintsò) 

 

Note A4. Explanation of several different constraints in the ñImproving TMPò 
approach 

We first compared the coefficient ὓ estimated in the ñSame TMPò ὓ ȟȟ ȡ   and 

ñImproving TMPò (ὓ ȟȟ  approaches with the projected yield level  ὣȟȟ  from 

Alexandratos & Bruinsma [200]. Then, different constraints were utilized to decide which 

approach to be used to project N inputs in 2050 (Table A3 and Figure A5). First constraint (Case 

1) checks whether both the coefficients ὓ ȟȟ ȡ  and ὓ ȟȟ  are less than ὣȟȟ . If 

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 ὓ ȟȟ   is higher than  ὣȟȟ  and ὓ ȟȟ ȡ  (cases 2 and 
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4), the yield response curve with ὓ ȟȟ  was used. In contrast, if ὓ ȟȟ ȡ   is higher 

than  ὣȟȟ  and ὓ ȟȟ  (cases 3 and 5), ὓ ȟȟ ȡ  was used for projection (i.e., 

ñSame TMPò approach).  

Similar constraints were implemented in quadratic plateau yield response function to 

project the N inputs in 2050 (Figure A6). 

 

Table A3. Summary of constraints in ñImproving TMPò with one-parameter hyperbolic yield 

response function 

Constraint 

name 

Solution for the constraint 

Case 1 Set upper limit to N input projection 

Case 2 Use the new hyperbolic function developed in 

ñImproving TMPò 

Case 3 Apply ñSame TMPò 

Case 4 Use the new hyperbolic function developed in 

ñImproving TMPò 

Case 5 Apply ñSame TMPò 

 

 
Figure A5. Constraints implemented in ñImproving TMPò approach with one-parameter 

hyperbolic yield response function. Blue line shows the crop yield level in 2050. Black and red 

lines show the fitted hyperbolic function in ñSame TMPò and ñImproving TMPò, respectively. 

Coefficient ὓ is the maximum yield level obtained from hyperbolic function fit.  
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Figure A6. Constraints implemented in ñImproving TMPò approach with quadratic plateau yield 

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

hyperbolic function in ñSame TMPò and ñImproving TMPò, respectively. ὣ  and 

ὢ   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 

 
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 inputs in the baseline year. 

Each country is represented by the three-letter acronym following the definition of ISO alpha-3 

country code (ISO 3166-1: 2013). 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 N yr-1 out of 145 Tg N yr-1 in the baseline year. 
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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. 



 

 

88 

 

 
Figure A9. Projected NUE for crop classes. 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 year. 

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 combinationôs N input and N yield data within the chosen 

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 ὔὟὉȟȟ ȡ  in the ñSame NUEò approach for each country/region and crop class 

set, while fitting yield response functions for the ñSame TMPò and ñImproving TMPò approaches 

to estimate the coefficients ὓ ȟȟ ȡ  and ὓ ȟȟ  in ὯὫ ὔ Ὤὥ ώὶ, respectively. 

These iterations provided a distribution of the estimates for  ὔὟὉȟȟ ȡ ȟὓ ȟȟ ȡ  

and ὓ ȟȟ , from which we calculated the 95% confidence intervals. Using the 95% 
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confidence interval of  ὔὟὉȟȟ ȡ ȟὓ ȟȟ ȡ  and ὓ ȟȟ , we estimated the 

uncertainty range of projections for N input rates and quantity. 

In the ñImproving TMPò approach, since yield response functions are for different time 

periods, we simultaneously resampled each time period and estimated 95% confidence interval 

ὓ ȟȟ corresponding to each period (Figure 2.1b). Then, using the confidence interval of ὓ ȟȟ, 

we estimated the confidence interval of each N input projection. 

6.2 The effect of using different yield response functions 

In addition to the hyperbolic function, we tested the quadratic plateau yield response function, 

which is frequently used on the farm scale [60,71,201], and examined 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 the quadratic plateau yield response function based on the N 

inputs, yield and fertilizer-to-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 

inputs with the ñSame TMPò and ñImproving TMPò approaches. 

First method 

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

ὣȟȟ

ὅὍȟȟ ὅὍȟȟȟ     Ὅȟȟ  

ȟ                       Ὅȟȟ ὅȾςὅ
                          (A8) 

 

where ὅ  and ὅ are coefficients of the yield response function with ὅ π  and ὅ π Ὅȟȟ is 

the N input rate (sum of fertilizer, biological fixation, atmospheric deposition, and manure) in   

ὯὫ ὔ Ὤὥ ώὶ and ὣȟȟ  is yield in ὯὫ ὔ Ὤὥ ώὶ.  

The coefficients ὅ  and ὅ obtained from equation 8 were used for projecting N inputs 

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

Ὅȟȟ
ȟȟ

Ⱦ

 ȟ         ὣȟȟ  Ǫ Ὅȟȟ π          (A9) 

Ὕὔȟȟ Ὅȟȟ Ὄȟȟ ρπ                         (A10) 

The flow diagrams of the ñSame TMPò and ñImproving TMPò approaches corresponding to this 

method are presented in Figures A2 and A4. 

Second method 

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

In their study, they attempted to transform the quadratic plateau yield response function to promote 

the farmerôs intent of profit maximization. Following the same approach, we reorganized the 

coefficients ὅ  and ὅ in equation 8 as a function of the N inputs rate, N in yield and fertilizer-to-

crop price ratio Ὑ for a given year (equations 11 and 12). 



 

 

90 

 

Using available data of Ὅ , ὣ and Ὑ  for 2006ï2015 (averaged) period, we estimated the 

coefficients  ὅ  and ὅ (equation 11 and 12). Then, and used them to project N inputs rate 

(equation 9) and total N inputs in 2050 (equation 10).  

. 

                      ὅ                                                  (A11) 

               ὅ                                              (A12) 

where Ὑ is the fertilizer-to-crop price ratio, subscript ñὼò in the equation represents the chosen 
time period (averaged 2006ï2015), and Ὅ and ὣ are the N inputs rate and crop yield in 

ὯὫ ὔ Ὤὥ ώὶ for the chosen period. See next section for complete derivation of equations 11 

and 12. 

For countries and crop classes lacking in data for Ὑ in the 2006ï2015 period, we used the 

average of the available 10 year before 2006 to avoid missing estimates of important countries. 

Due to insufficient data of Ὑ for many countries and crop classes, the projections were performed 

for staple crops (wheat, rice, maize and soybeans) only. 

 

Derivation of quadratic plateau yield response function with fertilizer-to-crop price ratio in 

the ñSame TMPò  

 

Assuming the functional form of the quadratic plateau yield response function as follows: 

ὣ ὥὍ ὦὍ                                                        (A13) 

  If farmers profit is maximized, then ὨὣȾὨὍὙ, where R is the fertilizer-to-crop price 

ratio. In this study, we are interested in developing a yield response function for a particular year 

given the data is available for Ὑ, Ὅ and ὣ. The subscript ñxò in the equations represents the chosen 

year. 

ὣ ὥὍ ὦὍ                                                        (A14) 

Ὑ  ςὥὍ ὦ                                                        (A15) 

                                                                 

By solving equations 14 and 15, we obtain the expression for coefficients a and b (equations 16 

and 17). 

ὥ
 

                                                                 (A16) 

ὦ
  

                                                       (A17) 

 

Putting the estimated coefficients, a and b back in the equation 13, we obtain a new yield response 

function with quadratic form using a given years Ὑ, Ὅ and ὣ (equation 18).  

ὣ
 

Ὅ
 

Ὅ                                                      (A18) 

Ὅ

 

                                                               (A19) 

ὣ

 

                                                              (A20) 
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Comparison of projections of N inputs for staple crops obtained from quadratic plateau 

and one-parameter hyperbolic yield response function 

 

Figure A10. Projection of N inputs of staple crops (wheat, maize, rice, and soybean) for 2050 with 

different approaches; ñSame NUEò: blue, ñSame TMPò: reds; ñImproving TMPò: greens. The 

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

Table A4. Global N inputs (Tg N yr-1) for 2050 with different approaches using quadratic plateau 

yield response function 

Approaches Variants N inputs  

(Tg N yr-1) 

NUE  N surplus 

Baseline  Baseline year 2006 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 

diagrams S2 and S4, and text S6.2 ñfirst methodò for details) 

 

 

6.3 The effect of yield response to non-fertilizer N inputs  

Yield response to fertilizer and non-fertilizer N inputs could be different, especially for N inputs 

from biological N-fixation. In order to evaluate the uncertainties associated with potential different 

yield response to fertilizer and non-fertilizer inputs, we tested two treatments in projection under 
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the ñSame TMPò scenario. The first treatment assumed that all N inputs except N-fixation will 

follow yield response curve, while N-Fixation in Tg N yr-1 of recent years (average 2006ï2015) 

would be constant until 2050. In the second treatment, only N-fertilizer is assumed to follow yield 

response curve, while the N-Manure, N-Fixation, and N-Deposition in Tg N yr-1 of recent years 

(average 2006ï2015) stay the same until 2050. 

The sensitivity analysis reflected the influence of yield response functions while projecting 

N inputs. The projections from ñSame TMPò are 7 Tg N yr-1 higher than Treatment 1, which 

assumed constant N-fixation until 2050. This indicates that even if N-fixation is included in the 

yield response function, the projection estimates do not show substantial differences. For instance, 

after implementing the Treatment 1, the projected N inputs for soybean are the same as ñSame 

TMPò approach. Furthermore, a similar case is seen for sugar crops. Hence, this indicates that 

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 yr-1 and 36 Tg N yr-1 lower than 

ñTreatment 1ò and ñSame TMPò, respectively. This treatment shows an optimistic case that the 

inputs from N-manure, N-deposition, and N-fixation are not changing until 2050. 

 

Table A5. Projected N inputs for 11 crop classes derived in the sensitivity analysis 

Crop classes Same TMP Treatment 1 À Treatment 2 ÿÿ 

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 and vegetables 30 30 24 

Other crops 22 20 20 

Total 268 261 232 

ÿ Only N-fixation is constant, while N-fertilizer, N-deposition, and N-manure follow yield 

response curve 

À Constant N-manure, N-deposition, and N-fixation, while only N-fertilizer 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 format, and third is variation in the yield 

response to fertilizer and non-fertilizer 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 hyperbolic 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 fertilizer-to-

crop price ratio; see details in Note A6.2). The use of quadratic plateau function resulted in higher 

N inputs projection than hyperbolic yield response function (see Table A4 and Figure A10). It 

leads to even larger difference between the ñSame TMPò and ñSame NUEò approaches, supporting 

our conclusions regarding the impacts of considering 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 

implemented on national scale before, and the projected values are comparable to those in the 

existing literatures. The third source of uncertainty is addressed by a sensitivity test within ñSame 

TMPò approach. It is expected that yield response to N inputs differ among the crop mix 

particularly for the N-fixing crops (such as soybean) that do not require substantial application of 

N fertilizer. However, even after varying the use of fertilizer and non-fertilizer inputs in the yield 

response function, no significant differences were found in the global as well as the crop specific 

projections (table S5). 

 

Note A7. Example of changes in the coefficient of one-parameter yield response 

function over time  

 

 
Figure A11. Illustration of relationship of ╜ vs year set used in the ñImproving TMPò approach; 

Argentina wheat (panel a), and Nigeria Sugar crops (panel b). The black triangle and line show the 

values of coefficient M for each chosen period (x-axis). The blue line shows the linear fit of ╜ 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. Summary 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

on year 

Baseli

ne 

year 

N Input 

projection 

(TgN yr-1) 

Assumption related to 

NUE or N input 

N use Land 

use/Purpose 

of 

projection 

Bodirsky 

et al. [202] 

2050 2010 228 (Inorganic 

fertilizer, 

manure, 

atmospheric 

deposition, 

and biological 

fixation 

(ignoring 

recycling); 

estimated 

from 

supplementary 

information) 

N input will increase 

due to no N mitigation 

strategies. Growth in 

population and GDP 

continues. Increase in 

crop production by 50% 

than 2010. Faster 

increase in NUE in less 

efficient regions than 

the rest of the world. 

Total N 17 crop 

groups/cropl

and 

Bouwman 

et al. [53]  

2050 2000 347 The development in the 

future will continue as 

of today. Several 

assumptions were made 

for population rise, 

GDP, food and feed 

demand, changes in 

animal husbandry, and 

fertilizer efficiency 

using multiple 

integrated assessment 

model. 

Total N 5 crop 

groups/cropl

and 

Cassman 

et al. [57] 

2025 2000 71.6 Lack of investment in 

research to improve 

crop management since 

2000 resulting in 

decreasing NUE by 

15%. (-6% per year)   

N 

Fertilizer 

Cereal crops 

(rice, wheat, 

maize) 

53 Constant global NUE 

equal to 0.46 as in 2000 

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 

al. [51] 

2050 1995-

97 

100  Improvements in N 

management will 

increase NUE by 50% 

N 

fertilizer 

Cropland 

FAO [203] 2030 1995-

97 

69.4 

 

Countries will adopt 

improved fertilizer use 

technology in future 

years with the increase 

in yield (1.28 to 1.35 

growth rate of N 

fertilizer from baseline 

year to 2030) 

N 

fertilizer 

Cereals 

(wheat, rice, 

and maize) 

 

124.5 All 34 crops 

Frink et al. 

[204] 

2070 1990 284 Increasing food demand 

but crop productivity 

stagnates at 1990 

conditions resulting in 

3-fold increase in N 

fertilization compared to 

1990. Aim is to feed 10 

billion people in 2070. 

N 

Fertilizer 

Cropland 

192 Slow yield growth but 

lowering N fertilizer 

with the help of 

technology support. 

Aim is to feed 10 billion 

people in 2070. 

192 Maintaining a constant 

yield growth rate of 

1.7% (average rate from 

1960 to 1996) annually 

could increase the 

production and reduce 

the N fertilization. Aim 

is to feed 10 billion 

people in 2070. 

Galloway 

et al. [205] 

2050 1990 283 (without 

losses; with 

losses to 

riverine flow 

270) 

Biological nitrogen 

fixation will be 

inversely proportional to 

the population from 

1990 to 2050. Constant 

per-capita cultivation 

induced N fixation.  Not 

all N fertilizer produced 

will be consumed.  

N 

fertilizer, 

Terrestri

al and 

cultivati

on-

induced 

Biologic

al 

fixation 

Cropland 

Lassaletta 

et al. [40]  

2050 2009 207 Diminishing return of 

yield to N inputs with 

yield response function. 

Improving TMP at the 

pace of past 30 years 

(1980-2009) 

Total N Cropland 
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Liu et al. 

[54] 

2030 2000 271 Shifts in diets ñhealthy 

but not wastefulò with 

3000 kcal day-1 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. 

Total N 20 crops 

except 

vegetables 

Mogollon 

et al. [55] 

2050 2005 280 Diminishing return of 

yield to N inputs with 

yield response function 

being a function of 

GDP. 

Total N Cropland 

Tilman et 

al. [206] 

2050 2000 186 N fertilization will 

increase if its historical 

trend continues. 

N 

Fertilizer 

Cropland 

Tilman et 

al. [3] 

2050 2005 250 Continuation of past 

technology trends as of 

2005 with global 

average N use intensity 

94 kg N ha-1. Richer 

countries continue 

increasing yield through 

intensification and poor 

countries through land 

clearing.  

Total N 

 

275 crops 

100 Increasing investment in 

technology 

improvement could 

reduce the N use. 

Wood et 

al. [58] 

2050 1997 121 Constant NUE as in 

1997 

N 

Fertilizer 

32 crops 

107 Increasing NUE until 

2050 (30% increase 

from 1997 baseline) due 

to technological 

improvement in each 

crop and country 

Zhang et 

al. [15] 

2050 2010 157 Each country will reach 

target NUE for 

sustainable development 

Total N Cropland 
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Note A9. N input projection for target NUE  

 

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

The resulting N inputs in 2050 are 213 Tg N yr-1. A reduction of about 7 Tg N yr-1 is obtained 

compared with our óSame NUEô approach (220 Tg N yr-1) in our study that is based on assuming 

continuation of current NUE until 2050. 

 

 

Test 2: All countries reach the target NUE by 2050 

 The projected N inputs are 150 Tg N yr-1, a reduction of about 70 Tg N yr-1 comparing to the 

ñSame NUEò approach (220 Tg N yr-1).  

Note A10. N input change for countries, regions and crop classes 

 
Figure A12. Projected country-level increase (decrease) in N inputs in 2050 relative to baseline 

year 2006 (average 2005ï2007). Each box represents a country. Each country is represented by 

the three-letter acronym following the definition of ISO alpha-3 country code (ISO 3166-1: 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 

between ñSame NUEò and ñImproving TMPò approaches. The countries are arranged in a 

decreasing order of their N inputs in the baseline year. Key crop producing and trading countries 
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like China, India, USA, Brazil, Former Soviet Union (FSU), Argentina, and Indonesia are among 

top contributors in the global N input of 100 Tg N yr-1 out of 145 Tg N yr-1 in the baseline year. 

 
Figure A13. Projected regional-level increase (decrease) in N inputs from baseline year 2006 

(average 2005ï2007). 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 shows the distinctness between ñSame NUEò and ñImproving TMPò 

approaches. The regions are arranged in a decreasing order of their N inputs in the baseline year. 
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Figure A14. Projected crop-level increase (decrease) in N inputs from baseline year 2006 

(averaged 2005ï2007). 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 the N input in the 

baseline. The filled grey box shows the distinctness between ñSame NUEò and ñImproving TMPò 

approaches. The crop classes are arranged in a decreasing order of their N inputs in the baseline 

year. 
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Note A11. Impact of manure 

In future, the increase in 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 the manure as it 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 environment [207,208], while using manure as inputs to cropland 

may have the co-benefits of recycling waste and improving the overall N use efficiency in the 

agricultural production system.  

 
Figure A15. Change in N-fertilizer and N-manure between 1961 and 2015. Each country is 

represented by the three-letter acronym following the definition of ISO alpha-3 country code (ISO 

3166-1: 2013). The gray line represents 1:1 line. 
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Note A12. Historical trends of yield of major crop types 

 
Figure A16. The historical relationships between N input, N harvest and NUE for 5 crop groups 

from 1961ï2015 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. Barley and Sorghum are in ñother coarse grainò crop class in our data set. 
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Note A13. Historical trend of crop yield in USA and Europe  

 
Figure A17. Historical record of N harvest N in Europe (blue) and the USA (red). The blue and 

red dot indicates the FAOôs 2050 projected N harvest from Alexandratos & Bruinsma [200] 
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Appendix B 

This appendix contains supplementary information corresponding 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 deviation [209,210], ecovalence index [211], pooled standard deviation [212] and etc. 

Almost all of them have an inverse relationship with stability of food supply (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 security. 

      

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

 

Table B1. Potential drivers and their hypothesized relationship with yield shocks defined as 

lower quantiles (i.e., negative numbers) 

Driver  Hypothesized relationship Mechanism 

Extreme weather 

stress 

Higher weather stress 

corresponds to more severe 

shocks 

Extreme weather stress 

(such as heat stress) prevents 

the growth of crops by 

affecting evapotranspiration, 

damaging plant cells, 

exposing them to diseases, 

and interfering with 

pollination. 

Gross domestic 

product (GDP) 

Agricultureôs 

contribution in GDP   

Higher GDP/Agricultural 

GDP corresponds to lower 

shocks 

Financial support (e.g., 

agricultural credit) promotes 

agricultural growth and 

boosts crop yields. Farmers 

utilize such support to 

implement more advanced 

technology and management 

practices to increase 

production. 

Nitrogen fertilizer 

application 

Higher fertilizer application 

corresponds to lower shocks 

Fertilization supplies 

essential nutrients to 

increase crop yield. Crop 

growth is expected to 

increase with the increase in 

fertilization. 
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Percentage area 

irrigated 

Larger area equipped with 

irrigation corresponds to 

lower shocks 

Larger irrigation area allows 

farmers to have more 

irrigation facilities to reduce 

water stress on crops, and 

this promotes crop growth.  

 

Note B3. Yield shocks estimation 

The following steps taken in Appendix C5.  

Calculate lower quantiles of the residuals (1%, 5%, and 10%) and use the quantile regression 

techniques to model these quantiles. 

Relative yield shocks (%) 

ὶ ρππ ᶻ                                                             (B1) 

 

Note B4. Spatiotemporal variation of yield fluctuations 

 

 
Figure B1. Spatiotemporal distribution of the coefficient of variation of yield anomalies. 
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Figure B2. Spatiotemporal distribution of the standard deviation of yield anomalies. 

 

 

 
Figure B3. Spatiotemporal distribution of the 1% quantile of yield fluctuations. 
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Figure B4. Spatiotemporal distribution of the 5% quantile of yield fluctuations. 

 

 
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 approach, 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 stress and shocks is reversed. 

The results show that countries with higher heat stress (>7000) have higher yield shocks (%). 

These countries include Sudan, Chad, and Iraq (SI Appendix, Fig S7). Furthermore, we find that 

the severity of shocks, measured in relative terms, 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 

shocks 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 x 10-3 [1.84 

x 10-3] 

-3.35 x 10-3 [5.58 x 10-4] -1.93 x 10-3 

[3.19 x 10-4] 

Cold stress Insignificant -1.73 x 10-3 

[6.07 x 10-4] 

-1.27 x 10-3 

[4.90 x 10-4] 

GDP per capita  - 3.37 x 10-4  

[1.49 x 10-4] 

-1.61 x 10-4 

[4.50 x 10-5] 

-1.25 x 10-4 

[1.98 x 10-5] 
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Figure B6. Partial dependence plots obtained for the three quantiles from the quantile random 

forest. The y-axes indicate relative shocks, and the x-axes show drivers. The gray shaded area 

represents 95% of the observations, from the 2.5th to 97.5th percentile of a covariate on the x-axis. 
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Note B6. Additional variables 

 

Table B3. List of additional variables considered 

Variable name  Source Years Reason for exclusion 

Net migration 

(immigrants - 

emigrants) 

World Bank 1960-2021 Not showing forced 

migration 

Forcibly displaced 

populations 

Center for 

Systemic Peace 

(CSP) 

1964-2008 Forced migration, but 

missing data for around 

6 years and lots of 

zeros 

 

Warfare count 

Center for 

Systemic Peace 

(CSP) (Marshall, 

2015) 

1946-2018 Lots of zeros and not 

important in variable 

importance plot in 

decision tree 

 

Refugee count 

World Bank 1960-2021 Around 1000 missing 

values 

 

Fertilizer price (Local 

currency unit/kg N) 

FAO (2018) 1961-2014 Lots of missing data 

losing around 1000 

data points 

 

Rural population (% 

total population) 

World Bank 

(2018) 

1960-2021 Collinear with 

Agricultural GDP (% 

GDP) 

 

Urban population (% 

total population) 

World Bank 

(2018) 

1960-2021 Collinear with 

Agricultural GDP (% 

GDP) 

 

Percentage of females 

employed in agriculture  

World Bank 

(2018) 

1960-2021 Collinear with 

Agricultural GDP (% 

GDP) 

Percentage of males 

employed in agriculture  

World Bank 

(2018) 

1960-2021 Collinear with 

Agricultural GDP (% 

GDP) 

Agricultural machinery 

(tractors per 100 km2 of 

arable land) 

World Bank 

(2018) 

1960-2021 Around 1000 missing 

values; collinear with 

GDP 

 

In addition to these variables, wheat yield levels can be considered as a factor associated with yield 

shocks. Yield levels could be an important factor because the farmers with higher yield optimize 

their price and resources to achieve higher yield compared to the farmers with low yield level, who 

are less dependence on all the resources. Despite these reasons, yield is not included in the analysis 

as a driver for two reasons. First, it is collinear with N fertilization rate, which is an existing driver 

in the model, with a correlation of 0.703. Second, adding yield as driver might duplicate the 

information in the model with independent and dependent variables derived using yield level. 
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Figure B7. Correlation between all covariates (a) and their pairwise data availability (b) considered 

in the analysis. The ñxò in the plot (a) denotes insignificant correlation at 0.05 significance level. 

 

Note B7. Variable importance 

 
Figure B8. 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 Bank [109] definitions 

Income group Countries 

High-income Australia, Austria, Belgium, Canada, Chile, Czech Republic, 

Denmark, Finland, France, Germany, Greece, 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, 

Low-income Afghanistan, Burundi, Chad, Democratic Republic of the Congo, 

Ethiopia, Malawi, Mali, Mozambique, Niger, Rwanda, Sudan, 

Uganda, Yemen, Zambia 

Upper-middle-

income 

Albania, Argentina, Botswana, Brazil, Bulgaria, China, 

Colombia, Ecuador, Guatemala, Iraq, Jordan, Libya, Mexico, 

Namibia, Paraguay, Peru, Former Soviet Union, South Africa, 

Turkey, Venezuela (Bolivarian Republic of) 

Lower-middle-

income 

Algeria, Angola, Bangladesh, Bhutan, Bolivia, Egypt, Honduras, 

India, Iran (Islamic Republic of), Kenya, Lebanon, Lesotho, 

Mauritania, Mongolia, Morocco, Myanmar, Nepal, Nigeria, 

Pakistan, Swaziland, Tunisia, United Republic of Tanzania, 

Zimbabwe 
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Figure B9. Distribution of heat stress from 1970 to 2014 for countries within each income group 

 
Figure B10. Distribution of cold stress from 1970 to 2014 for countries within each income group 
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Figure B11. Distribution of N fertilization from 1970 to 2014 for countries within each income 

group 

 
Figure B12. Distribution of wheat yield from 1970 to 2014 for countries within each income group 
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Figure B13. Distribution of agricultural GDP from 1970 to 2014 for countries within each income 

group 

 

Figure B14. Distribution of irrigated area from 1970 to 2014 for countries within each income 

group 
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Figure B15. Partial dependence plots for each driver pair obtained from the quantile random forest 

for shock (kg N ha-1 yr-1) corresponding to the 1% quantile. 

 

 
Figure B16. 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 detected [213]. The 

clustering was performed using the classification and regression trees in rpart package [214]. 

Tree based algorithm is chosen because of its powerful nature to explore the complex data. 

 
Figure B17. Regression tree corresponding to residuals from quantile random forest for the 1% 

quantile 
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Figure B18. Regression tree corresponding to residuals from quantile random forest for the 5% 

quantile 

 

 
Figure B19. Regression tree corresponding to residuals from quantile random forest for the 10% 

quantile 
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Appendix C 

This appendix contains supplementary information corresponding to Chapter 4. 

Note C1. Data 

Table C1. Data types and sources 

Data type Data source Spatial 

resolution 

Temporal 

resolution 

Weather: 

Precipitation (m) 

Min temperature (K) 

Max temperature (K) 

ECMWF[105]  0.75o 2005ï2014 (daily) 

Crop presence: 

Harvested area (ha) 

Crop calendar 

 

Monfreda et al. [175] 

Sacks et al. [107] 

 

5 arcmin 

0.5o 

 

2000  

1ï365 (day of 

year) 

Nitrogen yield (kg N 

ha-1 yr-1) 

Zhang et al. [15] 115 countries 2005ï2014 

(annual) 

Nitrogen production 

(kg N yr-1) 

Zhang et al. [15] 115 countries 2005ï2014 

(annual) 

GDP per capita (2010 

US$) 

World bank [109]  115 countries 2005ï2014 

(annual) 

GDP (2010 US$) World bank [109] 115 countries 2005ï2014 

(annual) 

General Agreement 

on Tariffs and Trade 

(GATT)/World Trade 

Organization (WTO) 

membership 

Head et al. [179] 115 countries 2005ï2014 

(annual) 

Regional trade 

agreements (RTA) 

Head et al. [179] 115 countries 2005ï2014 

(annual) 

Contiguity Mayer and Zignago 

[176] 

115 countries  

Population-weighted 

distance 

Mayer and Zignago 

[176] 

115 countries  

Common official 

language 

Melitz and Toubal 

[177] 

115 countries  

Bilateral trade (kg)  FAOSTAT [150] 115 countries 2005ï2014 

(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, Czech Republic, Denmark, 

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, Latvia, Lebanon, 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, Peru, Poland, 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 Republic 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 data are from ECMWF and have been widely used for predicting soil moisture 

content, streamflow, and humidity profiles (Lekhadiya & Jana [215]; Calanca et al. [216]; Verkade 

et al. [217])). The spatial and temporal resolutions of the data are 0.75o and daily, respectively. The 

reason to choose this dataset is its daily temporal scale that allows us to 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 al. [175] maps of crop calendar and harvested area have been extensively 

used in recent studies for developing crop-specific weather records (e.g., Iizumi et al. [218]; Lobell 

& Godurdji [85]; Deryng et al. [219]) and are available at the resolution of 1/12o that 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 dataset [220], we identified low 

sensitivity of the modeling results to the choice of the harvested area map (Figure  C36); 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 reported trade volumes. 

This dataset has been widely used in studies based on virtual water trade and global food systems 

(e.g., Tamea et al. [221], Lassaletta et al. [222], Konar et al. [223]).  

The wheat yields (kg ha-1 yr-1) and production (kg ha-1 yr-1) at the national scale are also 

from the FAOSTAT, with the N content parameter adopted from a recent study6 to express the 

yield and production in N content (kg N ha-1 yr-1 and kg N yr-1), 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 Internationales (CEPII; http://www.cepii.fr). 

The datasets from CEPII have been widely used in trade network analysis (e.g., Tuninetti et al. 

[153] , De Benedictis et al. [224], Herman [156,172]). 

The remaining variables (i.e., GDP 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 (CEPII; http://www.cepii.fr).  

 

Note C2. Data processing 

a. Harvested area 

Harvested area for year 2000 was from Monfreda et al. [175] and it has the spatial resolution of 

5 arcmin (1 arcmin is 1/60o), see Figure  C1. To convert the area to the resolution of the weather 

data, which is 0.75o, we calculated the total harvested area in the regions of 9  9 grid cells (9 cells 

of the harvested area data correspond exactly to 0.75o). 

 

http://www.cepii.fr/
http://www.cepii.fr/
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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 resolution of 0.5o. We 

used the nearest neighbor approach in QGIS software [225] to convert the crop calendar data to 

the resolution of the weather data, which is 0.75o. 

 

Let ὖὛ be the plant start and ὌὛ be the harvest start, based on the crop calendar for the 

ὰὥὸȟὰέὲ grid cell. Then, define the growing period (GP) for year ώ: 

Ὃὖȟ ȟ

ὖὛȟ ȟ ȟὌὛȟ ȟ                        ὭὪ ὖὛȟ ȟ  ὌὛȟ ȟ  

ὖὛȟ ȟ ȟὌὛ ȟ ȟ                                                 έὸὬὩὶύὭίὩ
 

 

Figure C1. Map of global wheat harvested area; data from Monfreda et al. [175]. 

 

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 zones 5. Second, large overlaps exist in the spring and 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 96th and 205th day of the year (DOY), while for winter 

wheat it is 250th and 178th DOY, respectively. 

 

Note C3. Weather data and weather index system 

The weather data collected from ECMWF [105] include four variables: precipitation, and 

minimum and maximum temperature. Each of the variables is reported on a spatial grid with a 

resolution of 0.75o, several times per day. 

 

First , the following steps were taken to aggregate the ECMWF [105] data to the daily scale (for 

each grid cell): 
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 Calculate min (max) daily temperature, ὓὭὲὝ ὓὥὼὝ, as a min (max) of the eight sub-daily 

records of the minimum (maximum) temperature. 

 Calculate daily total precipitation, Ὕὖ, as a sum of the two cumulative sub-daily records. 

 

Second, also for each grid cell, the weather index (WI) system of Zhu et al. [180] 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 (Table C2). 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 the cold stress and is calculated as 

ὔὋὈὒͅᾭ Ὢ ὪὓὭὲὝ Ǫ —ȟπ, 

where Ὢ represents the aggregation function (i.e., count) and — represents the thresholds (Ὥ 
 ρȟȣȟυ, see Table C2). 

 

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

as  

ὈὋὈὒͅᾭ Ὢ ὪὓὥὼὝ Ǫ —ȟπ, 

where — represents the thresholds (Ὥ  ρȟȣȟυ, see Table C2). 

 

Table C2. Definitions of the weather indices 

Weather 

stress 

Weather 

index 

Threshold Aggregatio

n function 

Data 

used 

Number of 

resulting 

WIs 

Night cold NGDL ɗ11 = 0 oC 

ɗ12 = 1 oC 

ɗ13 = 2 oC 

ɗ14= 3 oC 

ɗ15 = 4 oC 

count Min daily 

temp. 

5 

Day cold DGDL ɗ21 = 6 oC 

ɗ22 = 7 oC 

ɗ23 = 8 oC 

ɗ24 = 9 oC 

ɗ25 = 10 oC 

count Max 

daily 

temp. 

5 

Day heat DGDH ɗ31 = 26 oC 

ɗ32 = 27 oC 

ɗ33 = 28 oC 

ɗ34 = 29 oC 

ɗ35 = 30 oC 

count Max 

daily 

temp. 

5 

Flood PREH lh = 0.1 mm count Daily 

precip. 

1 

Drought PREL ll = 2 mm count Daily 

precip. 

1 
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Day growing degree high (DGDH) index quantifies the heat stress during the day and is 

calculated as  

ὈὋὈὌͅᾭ Ὢ ὪὓὥὼὝ Ǫ —ȟπ, 

where — represents the thresholds (Ὥ  ρȟȣȟυ, see Table C2). 

 

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

ὖὙὉὌͅὪ ὪὝὖ Ǫ ‗ȟπ, 

where Ὢ represents the aggregation function (i.e., count) and ‗ represents the high threshold (see 

Table C2). 

 

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

ὖὙὉὒͅὪ ὪὝὖ Ǫ ‗ȟπ, 

where Ὢ represents the aggregation function (i.e., count) and ‗ represents the high threshold (see 

Table C2). 

 

Third , we aggregated the WIs to the national scale 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). 

 

 

 
 

Note C4. Principal component analysis of weather indices 

To reduce the dimensionality of the WI matrix, we applied principal component analysis (PCA). 

We used top Ὀ dimensions based on the heuristic elbow method, cumulatively explaining at least 

80% of the WI variation. Within each dimension, we selected the most important WIs using the 
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elbow plot of the WIs' contributions to the dimension. Then, we derived Ὀ new covariates ï each 

being a linear combination of the selected WIs in the respective dimension: 

ὖὅ В ὧȟὡὍ, 

where Ὠ ρȟȣȟὈȠ ύ  are the ὡὍί selected in Ὠ  dimension, and ὧȟ is the respective component 

of the Ὠ  eigenvector. The PCA was implemented using R package FactoMineR [226]. 

 

Since only a subset ύ  of the original WIs is included into each ὖὅ, the calculated PCs are no 

longer strictly orthogonal; however, the subsetting improves interpretability of the PCs and 

potentially allows to disregard WIs that were not included into any of the PCs. 

 

Figure C2. Elbow plot of the PCA results. Bars show the percentage of variance explained by each 

dimension. The red box shows the number of dimensions that correspond to the ñelbowò (largest 

increase in cumulative percentage of explained variance). The percentage above each bar is the 

percentage contribution. 
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Table C3. Relationship of ὖὅὃ with import dependency ratio, production, number of linkages 

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

Relationship Coefficient Std. error p-value 

ὖὅὃͯὍὈὙ -1.19 1.61 0.460 

ὖὅὃͯ ὖὶέὨόὧὸὭέὲ 2.12 x 10-7 3.02 x 10-7 0.480 

ὖὅὃͯ Ὅάὴέὶὸ ὨὩὫὶὩὩ 14.09 5.36 0.009 

ὖὅὃͯ Ὁὼὴέὶὸ ὨὩὫὶὩὩ 6.23 2.51 0.015 

ὖὅὃͯ Ὅάὴέὶὸ ὺέὰόάὩ 1.03 x 10-7 5.41 x 10-8 0.059 

ὖὅὃͯ Ὁὼὴέὶὸ ὺέὰόάὩ 1.28 x 10-8 2.63 x 10-8 0.630 

    

ὖὅὃͯὍὈὙ 14.07 4.88 0.005 

ὖὅὃͯὖὶέὨόὧὸὭέὲ -3.81 x 10-7 9.48 x 10-7 0.970 

ὖὅὃͯ Ὅάὴέὶὸ ὨὩὫὶὩὩ -19.10 17.20 0.270 

ὖὅὃͯ Ὁὼὴέὶὸ ὨὩὫὶὩὩ -24.76 7.73 0.002 

ὖὅὃͯ Ὅάὴέὶὸ ὺέὰόάὩ -1.33 x 10-8 1.72 x 10-7 0.940 

ὖὅὃͯ Ὁὼὴέὶὸ ὺέὰόάὩ -1.02 x 10-7 8.20 x 10-8 0.220 

Note C5. Short-term synchrony 

Sudden fluctuations of yields around long-term smooth trends (those trends represent óusual' yield 

levels for a country) are essential in the analysis 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 

weather and 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 short-term synchrony (STS) of yields across N 

countries. 

I. Detrend each Ὥ  time series (Ὥ ρȟȣȟὔ) by applying a locally weighted regression (loess, 

[117,118] on time: 

a. For the neighborhood sizes Ὤ  πȢρυȟπȢςυȟȣȟπȢωυ, run a leave-one-out cross-

validation to select the optimal neighborhood size, Ὤᶻ, based on the minimal 

squared prediction error: 

Ὤᶻ ÁÒÇ ÍÉÎВ ώ ώ Ὤ  , 

where ώ Ὤ is the forecasted value obtained from a loess model fitted by 

omitting the ὸ  observation. 

b. Apply Ὤᶻ to smooth the whole series and obtain the detrended residuals: 

Ὡ ὣ ὣ Ὤᶻ. 

II.  Calculate the short-term synchrony as the Pearson product-moment correlation of the 

residual series, ὧέὶὶὩȟὩ , where ὭȟὮ ρȟȣȟὔ and Ὥ Ὦ. Positive correlation shows 

synchrony, while negative correlation shows asynchrony. 

 

For fitting loess, we used the loess function from base R [227], where the neighborhood size, Ὤ, is 

set by the argument span. 
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We find that half of the countries (around 48%) have synchronous and the other half (around 52%) 

have asynchronous crop yield fluctuations (Figure C3). The STS was used as an edge attribute in 

the exponential random graph models (ERGMs) and as a covariate in random forest models. 

 

Figure C3. Pearson correlation of short-term fluctuations in yield, 2005ï2014. 

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 countries and the 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 package ergm [228] to fit the ERGMs. To obtain 

ERGM predictions of trade presence or volume, 500 networks were simulated using the estimated 

EGRM, then averaged. 
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Table C4. Example of reduced ERGMs for assessing effects of inclusion/exclusion of covariates. 

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 

(unweighted 

directed network) 

STS 0.089 0.041 0.029 

Trade presence 

(unweighted 

directed network) 

STS 0.125 0.041 0.002 

Distance -1.69 × 10-5 1.2 × 10-6 <10-4 

 

Note C7. Random forest  

To implement the random forest (RF) approach, we used R packages ranger [124] and 

randomForest [229]. 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 permutations [187]. 

a. Partial dependence plots for the unweighted directed network of wheat trade 

 

Figure C4. Partial dependence plot obtained from random forest with trade presence (unweighted 

network) as the response variable. The x-axis represents the covariates considered. The y-axis 

represents the marginal change in the likelihood of the trade link formation due to changes in the 

covariates on x-axis. 
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Note C8. Model performance  

a. Cross-validation 

To validate the models, we applied the following cross-validation algorithm: 

1. Select 5 years at random for training and use the remaining 5 years for testing (all countries 

are represented in both subsets). 

2. Apply PCA to calculate principal components of the weather indices and use correlation 

analysis to estimate synchrony of yield fluctuations in the training set. 

3. Use the estimated PC loadings from the training set and weather indices from the testing 

set to calculate PCs for the testing set. 

4. Fit a trade network model using the training set. 

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

6. Calculate misclassification error (MCE) for the unweighted network, and mixed error (ME) 

for the weighted network. 

7. Repeat the steps 1ï6 for 100 times, and calculate the average MCE and ME. 

 

Figure C5. Histogram of misclassification errors obtained from (a) ERGM and (b) RF from 100 

cross-validation runs. The arrow points towards a zoomed in version of the histogram. 
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Figure C6. Histogram of mixed error obtained from (a) ERGM and (b) RF from 100 cross-

validation runs. 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 those produced by RF (Figure 

C7). 
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Figure C7. Observed and predicted degree distributions of the trade network. The out-and in-

degrees represent the exporting and importing connections of a country, respectively. Top row 

represents distribution 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) 

 

Figure C8. Relationship of cold stress level (derived principal components) in each country with 

import degree (a), and export degree (b) for the period of 2005ï2014. The size of each point 

corresponds to the average production level of each country for the period of 2005ï2014. 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) 

 

Figure C9. Relationship of heat stress level (derived principal components) in each country with 

import degree (a), and export degree (b) for the period of 2005ï2014. The size of each point 

corresponds to the average production level of each country for the period of 2005ï2014. The 

fitted lines represent the linear relationship between the stress level and degree. 
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Note C11. Cold stress vs trade volume 

 

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 2005ï2014. The size of each point 

corresponds to the average production level of each country for the period of 2005ï2014. The 

fitted lines represent the linear relationship between the stress level and trade volume. 

 

Note C12. Heat stress vs trade volume 

 

 

Figure C11. Relationship of heat stress level (derived principal components) in each country with 

import volume (a), and export volume (b) for the period of 2005ï2014. The size of each point 
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corresponds to the average production level of each country for the period of 2005ï2014. 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 

 

Figure C12. Relationship between probabilities of link formation [ὖὒὭὲὯ ὪέὶάὥὸὭέὲ
Ὡὼὴ —z ὧέὺὥὶὭὥὸὩ Ⱦρ Ὡὼὴ —z ὧέὺὥὶὭὥὸὩ ] obtained 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 Table 4.1 in 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 production < 0 means higher production in importing country. 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 2005ï2014 import dependency ratio (IDR) and day 

growing degree high (ɗ31 = 26 oC). 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 during 2005ï2014. The lines represent 

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

confidence interval. 

 
Figure C14. Relationships between the 2005ï2014 import dependency ratio (IDR) and day 

growing degree high (ɗ32 = 27 oC). 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 during 2005ï2014. The lines represent 

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

confidence interval. 


































