
ABSTRACT

HO, THU MINH. Modeling Fertilizer Market Volatility and Trade Dependencies in a Complex
Economic Era. (Under the direction of Dr. Justin Baker)

Phosphorus (P) is one of the fundamental building blocks of our modern life (Cordell and

White 2011). As the human population has increased an unprecedented rate over the past fifty

years, heavy reliance on inorganic fertilizers like Phosphorus has become an integral part of

the Green Revolution to boost agricultural productivity and secure food systems (Elser et al.

2014). However, nearly all P being consumed is derived from Phosphate Rock, a finite and non-

renewable resource confined to few geographic locations (Geissler et al. 2019). In the context of

the ongoing Ukraine-Russia war and the post-pandemic economic recovery, the global fertilizer

market has experienced a wide range of unparalleled macroeconomic pressures, including

soaring input costs, supply disruptions, and export restrictions. The continuation of elevated

price spikes will substantially weigh on fertilizer affordability and availability in the coming

years, further exacerbating global food insecurity and complicating agricultural production

decisions. Thus, there is a need for improved, holistic analysis to (1) recognize the prevailing

issues within the global P market, (2) provide stakeholders with pertinent information to nav-

igate the uncertainties and complexities arising from the volatile P price dynamics, and (3)

advocate for the prioritization of P-related endeavors on the global food security agenda. These

objectives are carried out in two phases:

Part 1 : Global Phosphate Fertilizer Price Developments and Volatility Forecasting.

In this first part, we propose the application of Bai-Perron structural break test and General-

ized AutoRegressive Conditional Heteroskedasticity (GARCH) models to study the overarching

trends of price variability for Phosphate Rock (PR), a raw material used to manufactured P

fertilizers, and two final fertilizer products: Triple Superphosphate (TSP) and Diammonium

Phosphate (DAP) fertilizers. In particular, the structural break test offers insights into the his-

torical regime shifts over the past 30 years, thereby enabling the explanations for associated

price triggering mechanisms and improving the overall accuracy of short-run price volatility

forecasts. Results provide evidence of at least three critical breakpoints in each price series,

inferring that the fertilizer market had recently experienced multiple periods of high volatility.

These findings contribute to an enhanced understanding of the mechanisms driving abrupt

changes in the market and enable a comparison of the current episode with previous price

spikes. In the subsequent phase of this study, we focus on forecasting future price volatility by

employing the GARCH models. Forecasting simulations project a steady downward trajectory



in PR prices over the next 10 years, while anticipating substantial volatility in DAP and TSP

prices, albeit with a general declining trend. Considering the distinct characteristics of the

fertilizer market and the existing pressures it faces, our empirical findings of historical price

data, market dynamics, and key influencing factors aim to deliver actionable insights to diverse

stakeholders. By harnessing this knowledge, stakeholders can effectively devise and implement

near-term risk mitigation strategies to navigate the volatile landscape of the P fertilizer markets.

Part 2: World- and Country-level Trade Interdependence in the Global Fertilizer Industry.

In recent years, ongoing geopolitical tensions and macroeconomic developments among major

suppliers have triggered significant disruptions within the global fertilizer trade landscape.

As price dynamics become increasingly volatile, agricultural producers and policymakers are

confronted with reduced resource affordability and availability. However, there remains limited

research on the evolution of fertilizer trade structure and stability. This study seeks to bridge

this gap by employing the Pointwise Mutual Information (PMI) and Complex Network Method

to construct trade dependency network for P and N fertilizer markets during 2002 and 2022. Our

empirical analysis offers insights into the overall characteristics of trade networks, the evolution

of community structure, and the identification of most influential trading countries. Results

show that over time, the N fertilizer network has enhanced trade path diversity, centralization

and efficiency, implying a higher resistance to unexpected supply risks. While both networks

generally exhibit an inclination towards improving network connectedness and effectiveness,

the P fertilizer network has shown insignificant advancements and has experienced a significant

decline in activity in the last five years. Furthermore, both networks indicate a notable surge

in trade interdependence throughout the study period, with core countries predominantly

concentrated in North America, Europe, and Asia. Our empirical findings hope to provide

policy insights into recent trade dependencies and potential food security implications of

current market structures.
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CHAPTER

1

INTRODUCTION

Recent developments in fertilizer markets, particularly for mined Phosphate-based fertilizers,

have raised important sustainability and food security concerns. Phosphate fertilizer is one of

the most critical components of the global agricultural system. It is an essential input for crop

production, providing crops with nutrients they need to grow and produce high yields (Bindra-

ban et al. 2020). As the human population has increased at an unprecedented rate over the past

�fty years, heavy reliance on inorganic fertilizers like Phosphate has become an integral part of

the Green Revolution to boost agricultural productivity and secure food systems (Elser et al.

2014). However, coupled with current issues in the global economy (e.g., COVID-19 pandemic,

supply disruptions), intensive demands for Phosphate fertilizers have raised concerns about

availability, affordability and excessive volatility in the commodity markets.

Simultaneously, historic over-consumption of Phosphorus (P) in the global food and land

use system has led to an imbalance in P stocks in land and aquatic systems, with P runoff

into surface water systems contributing to eutrophication (Huang et al. 2019). Thus, there is

a need for improved, holistic approaches to manage P in agricultural and water systems to

ensure adequate nutrient supplies for a growing population while also limiting environmental

degradation concerns.
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Systems modeling applications or decision support frameworks can support tradeoff analysis of

policy incentives and emerging technologies to recover, recycle, and reuse P, but such analyses

often fail to consider the complexities of global fertilizer price dynamics. Such information

is critical, as price and volatility projections provide a basis for the expected opportunity

costs of alternative fertilizers and policy incentives. Thus, it is important to consider recent

developments in global fertilizer markets and build projections of future price changes and

expected market volatility to inform policy and techno-economic analysis.

1.1 Global Agricultural Commodity Markets and Input Cost

Volatility

The global agricultural commodity sector encompasses the production, trade, and consump-

tion of a wide range of raw agricultural products, including grains, meats, dairy, vegetables, and

fertilizers. At both global- and national-level, this sector is an integral determinant of economic

growth. Contributing 4% to the global GDP, the agricultural sector is highly in�uential on

economic, social, and human development conditions through various direct and indirect

channels (The World Bank, 2021). As a result, agricultural inputs and commodity markets

have become highly heterogeneous in terms of their price behaviors and are susceptible to

changes in the global economy. A deeper understanding of such market dynamics is crucial

to investigate drivers of the market price movements as well as to help facilitate near-term

economic objectives of sustainable development and food security.

In recent years, several events have substantially reshaped the agricultural and related commod-

ity markets. In 2020, the COVID-19 pandemic triggered a severe global recession by disrupting

economic activities around the world (Khan et al. 2021; Chang et al. 2020). It entered the

equation from both the supply and demand side in a complex way. As many countries began

to impose nation-wide lockdown measures, farmers struggled to harvest crops and care for

livestock; businesses were forced to close; and millions of workers were furloughed (Lusk and

Chandra 2021; Stephens et al. 2020). Major shifts in the global supply chain driven by trade

restrictions further exacerbated productive capacity constraints, supply bottlenecks and un-

certainties associated with the price �uctuations (Kerr 2020). As consumers stockpiled food in

response to the pandemic, demand for stable food commodities such as rice, wheat, and corn

increased strikingly, posing more challenges and pressures on the already tight agricultural

commodity markets (Niles et al. 2020; Mogues 2020).
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The start of the Ukraine and Russia war in early 2022 exposed the global commodity markets to

additional risks and aggravated the existing supply constraints (Fang and Shao 2022; Ferguson

and Ubilava 2022; Abay et al. 2023). This episode was followed by numerous sanctions and ex-

port restrictions imposed on Russia and Belarus, the two key exporters of energy, fertilizers, and

agriculture (Hellegers 2022). Agricultural production in Ukraine has been severely impacted

due to shortages of labor and inputs (such as fertilizers), destruction of farming machinery,

safety concerns of farmers, and restricted market access (Nykolyuk et al. 2021). In regards to

the larger-scale impacts, the con�ict has fundamentally transformed trade patterns, with some

countries seeking alternative sources of agricultural commodities to replace supplies from

Ukraine or Russia (Shahini et al. 2022; Glauben et al. 2022). Absorbing these abrupt changes is

particularly challenging for trade-dependent countries, whose �scal revenues and / or agricul-

tural production rely heavily on trading partners. Consequently, the agricultural commodity

markets, buoyed by skyrocketed and highly volatile prices, have raised food security concerns

nationally and globally (Ferguson and Ubilava 2022). The ongoing tension between Ukraine

and Russia has also revealed how commodity markets had in fact become so intricately con-

nected to each other, that it was impossible in one market to effectively shield against risks

faced in another. Hence, a comprehensive analysis of a wide set of price spike magni�cation

and triggering mechanisms pertinent to the current situation is crucial to facilitate long-term

agricultural production and trade decisions.

Climate change has created other constraints to the global agricultural commodity markets

via multiple pathways. Extreme weather events such as droughts and �oods have signi�cantly

altered growing conditions for crops, with rising temperatures and changes in precipitation

patterns (Raza et al. 2019; Lesk et al. 2016). As climate conditions change, not only does the

suitability of different regions for certain crops change, but the pest and disease patterns �uc-

tuate in an important and complex way (Luck et al. 2011). Altogether, these weather-driven

factors have considerably affected crop yields and quality, adding another dimension to the un-

certainties that explain the supply shortages and price volatility of some important agricultural

commodities. Supply and demand disruptions caused by macroeconomic and environmental

changes could make the global food supply system increasingly vulnerable to high input costs,

especially for nutrients.

Coupled with our growing reliance on inorganic fertilizers, especially P-based fertilizers, these

exogenous factors have complicated multiple aspects of P scarcity: physical scarcity, man-

agerial scarcity (P loss due to inef�cient management), geopolitical scarcity (imbalanced P

�ows in trade network), and economic scarcity (decreasing affordability) (Science and for
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Phosphorus Sustainability STEPS). In light of these problems, it becomes imperative to gain a

comprehensive understanding of the overarching trends and variations in P fertilizer prices.

This examination contributes to the broader dialogue on upholding agricultural systems in

response to the multifaceted challenges they confront.

1.2 Phosphate Fertilizers and Global Agricultural Markets

Commercial P fertilizers are manufactured using Phosphate Rock (PR), which is a �nite resource

with limited global reserves. The global PR market is highly concentrated, with a small number

of primary players dominating production and trade. According to the Our Phosphorus Future

Report, Morocco alone controlled three-quarters of the world's total PR reverses, followed by 5%

in China and 3% in Algeria. During the last two decades, China has been the biggest PR producer

and consumer on the market (52%), followed by the USA, Russia and Morocco (Brownlie et al.

2022). However, the global PR market has recently undergone major �uctuations driven by

shifting demand and supply dynamics, as well as economic and political uncertainties. Since

modern agriculture is highly interrelated with the fertilizer commodity market, increasingly

scarce and expensive PR has provoked problematic implications on global food security, posing

near- and long-term challenges to agricultural producers and policymakers (Chowdhury et al.

2017; Cordell et al. 2009). However, the task of comprehending price dynamics of P fertilizers

is particularly challenging due to the profound interdependence of P within an increasingly

intricate and globally interconnected socioeconomic framework (Elser et al. 2014).

1.3 Purpose and scope of the project

As stated previously, the global P market is currently undergoing crucial changes driven by

dynamic shifts in demand and supply factors. Under such circumstances, acquiring enough

P to sustain the global food system will pose tremendous challenges to various stakeholders

in the agricultural industry. Key participants, including farmers, fertilizer manufacturers, and

policymakers are confronted with the urgent task of securing a suf�cient P supply to not only

maintain domestic food production, but also establish resilient trading partnerships to uphold

global food security objectives. Therefore, the primary objectives of this paper are to:

1. Recognize the prevailing issues within the global P market;

2. Provide stakeholders with pertinent information to navigate the uncertainties and com-

plexities arising from the volatile P price dynamics and;
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3. Advocate for the prioritization of P-related endeavors on the global food security agenda.

These objectives are carried out in two phases:

Chapter 2: Global Phosphate Fertilizer Price Developments and Volatility Forecasting.

In this chapter, we propose the application of the Bai-Perron structural break test and the

Generalized AutoRegressive Conditional Heteroskedasticity (GARCH) models to study the

overarching trends of price variability in the Phosphorus fertilizer markets. In particular, the

structural break test provides insights into historical regime shifts over the past 30 years and

offers explanations for associated price triggering mechanisms. Considering the distinct char-

acteristics of the fertilizer market and the existing pressures it faces, our analysis of historical

price data, market dynamics, and key in�uencing factors aims to deliver actionable insights

to diverse stakeholders. By harnessing this knowledge, stakeholders can effectively devise

and implement near-term risk mitigation strategies to navigate the volatile landscape of the

Phosphorus fertilizer markets.

Chapter 3: World- and Country-level Trade Interdependence in the Global Fertilizer Indus-

try.

In the presence of highly volatile price dynamics, farmers, fertilizer producers, and policymak-

ers often adopt multiple resource utilization and management strategies to manage costs while

ensuring crop productivity and sustainability. For instance, at the individual farm level, farmers

incorporate crop rotation and diversi�cation measures to optimize nutrient cycling and reduce

reliance on phosphate fertilizers. At a broader scale, countries are restricting exports of raw

fertilizer inputs, reducing or removing import tariffs, and limiting trading relationships to cer-

tain partners. Consequently, the global trade structure has experienced signi�cant alterations,

becoming more vulnerable to resource scarcity risks. Therefore, this chapter investigates the

trade dependency network of the Phosphorus and Nitrogen fertilizer industries using Point-

wise Mutual Information (PMI) and Complex Network Method. Speci�cally, we demonstrate

the usefulness of PMI as an indicator to quantify country-level pairwise trade preference or

dis-preference. Additionally, the implementation of complex network theory facilitates the

visualization of evolutionary patterns in global trade networks from 2002 to 2022. Combined

with the information from Chapter 2, this analysis is imperative to re�ect the current changes

of market power and potential supply risks, all of which are closely intertwined with global

food security concerns.
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CHAPTER

2

GLOBAL PHOSPHATE FERTILIZER PRICE

DEVELOPMENTS AND VOLATILITY

FORECASTING

2.1 Introduction

Global food security is a top priority for the future development agenda of the United Nations.

As the human population has increased an unprecedented rate over the past �fty years, heavy

reliance on inorganic fertilizers like Phosphate (P) has become an integral part of the Green

Revolution to boost agricultural productivity and secure food systems (Elser et al. 2014). How-

ever, intensive demands for P fertilizers have sparked concerns about availability, affordability

and excessive volatility in the commodity markets. Any form of scarcity or paucity in the global

P resources can potentially obstruct advancements in achieving global food security (Hecken-

müller et al. 2014).

Phosphorus is a fundamental and irreplaceable chemical element underpinning many crit-

ical biological processes of all living organisms. Current food production systems rely on P

fertilizers, most of which sourced from mined Phosphate Rock (PR); a non-renewable, �nite
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and geographically restricted resource. The diminishing quality of proven reserves in relatively

few geographic locations has placed stakeholders, including farmers, fertilizer manufacturers

and policymakers, in a challenging situation marked by constrained affordability and extreme

price dynamics.

In addition, historic over-consumption of P in the global food and land use system has led

to an imbalance in P stocks in land and aquatic systems, with P runoff into surface water

systems contributing to eutrophication and expansion of coastal dead zones (Huang et al.

2019). Thus, there is a need for improved, holistic approaches to manage P in agricultural

and water systems to ensure adequate nutrient supplies for a growing population while also

limiting environmental degradation concerns.

2.2 Literature Review

In recent years, there has been a notable surge in research papers focusing on methods of

price volatility measurement and modeling. These achievements encompass both qualitative

analysis methods, such as market research and subjective probability, as well as quantitative

analysis methods, including regression analysis, time series analysis, and intelligent forecasting

methods (Wang et al. 2020b). Given the recent focus on risks and complexities surrounding

price dynamics, these forecasting methods have been constantly assessed and employed across

multiple �elds, such as energy, agriculture, and �nance. Their application is aimed at dissecting

market characteristics and projecting future patterns, thereby enabling timely risk mitigation

strategies. Among all statistical analysis techniques, Autoregressive Integrated Moving Average

(ARIMA) and Generalized AutoRegressive Conditional Heteroskedasticity (GARCH) models

are gaining prominence in both theory and practice. ARIMA is a linear regression method �rst

proposed by Box and Jenkins in the early 1970s (Box et al. 2015). This model is based on the

concept of establishing a regression equation to forecast future prices by accounting for the

lag value of its historical price data, its present price data, and the lag value of its random error

term (Luo et al. 2013). Hence, this model is extensively employed in diverse �elds. For instance,

Jakaša et al. (2011) demonstrated that the application of ARIMA and three-day prior data yield

accurate prediction for day-ahead electricity prices; Jadhav et al. (2017) utilized time series

data from 2002 to 2016 to forecast price volatility of major cereal crops, namely Paddy, Ragi,

and Maize, for the year 2016; Dharavath and Khosla (2019) applied seasonal ARIMA model to

predict seasonally varying prices of vegetable and fruits; Weng et al. (2019) performed monthly,

weekly, and daily average price forecasting for various agricultural products and concluded that

ARIMA exhibites superior performance when the data shows strong periodic patterns. However,
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the ARIMA method is restricted with the assumptions of linearity and homoscedastic error

variance, thereby showing poor forecasting performance when dealing with highly volatile time

series data (Wang et al. 2020a; Lama et al. 2015). To address this limitation, Engle (1982) �rst

introduced the Autoregressive Conditional Heteroskedaticity (ARCH) model in 1982, which

was further modi�ed in the seminal work of Bollerslev (1986). Since then, numerous extensions

have surfaced, aimed at improving forecasting accuracy and addressing statistical complexities

encountered in the modeling of volatile time series data.

The GARCH methodology was initially well known for its advantage in forecasting �nancial

time series, particularly due to its ability to capture volatility clustering, leptokurtosis, and lever-

age effect (Mandelbrot 1967). Hence, a substantial body of literature has extensively explored

the application of GARCH in estimating stock market volatility and asserted its superiority

over alternative statistical models. For example, work by Franses and Van Dijk (1996), Alberg

et al. (2008), Sharma et al. (2016), and Wang et al. (2020a) all adopted different variations of

traditional GARCH model in modeling and forecasting the stock volatility. Franses and Van Dijk

(1996) compared forecasting performance of the standard GARCH model with two of its non-

linear modi�cations, namely Quadractic GARCH and the Glosten, Jagannathan and Runkle

(GJR) GARCH models. Alberg et al. (2008) expanded upon this approach by considering various

distributions of the error terms, i.e., normal distribution and student-t distribution. Their �nd-

ings, in line with Franses and Van Dijk (1996), reveal that asymmetric models with student-t

distribution improve overall estimation. Following this line of research on change-responsive

models, Sharma et al. (2016) introduced Realized GARCH model as an unique framework for

the joint modeling of conditional variance and realized measures of volatility. They proved that

predictive accuracy of GARCH models could be enhanced by incorporating realized measures,

although the relative superiority of Realized GARCH compared to other asymmetric models

remained uncertain. Most recently, research of Wang et al. (2020a), which focused on extended

GARCH-MIDAS models, further underscored the importance of accommodating for asymme-

try effect and extreme market events when aiming for accurate forecasts.

In recent years, the application of GARCH models has been expanded to the �eld of agriculture.

Many empirical studies have indicated that time series of commodity prices, akin to other

�nancial time series, are characterized by heavy tail distribution, volatility clustering, asymme-

try and mean reversion (Huchet-Bourdon 2011). The standard GARCH model has been widely

employed to model and forecast price volatility persisting in numerous agricultural markets.

For instance, the model has been adopted by Shiferaw (2012) for the domestic price volatility

of cereal, pulse, and oil crops in Ethiopia; by Gontijo et al. (2020) for the UK olive oil market; by

8



Setiawati et al. (2021) for three staple food commodities in Indonesia, namely rice, chicken and

sugar. These works showed consistent �ndings that past volatility is imperative in forecasting

future price dynamics and that GARCH is an appropriate method for evaluating price volatility

of agricultural products.

However, studies have highlighted the limitations of the standard GARCH model when dealing

with asymmetric effects, which refer to the differing impacts of equally strong positive and

negative shocks on volatility (Chen et al. 2019). A number of studies has sought to study the

predictive performance of non-linear models in addressing with asymmetric characteristics of

agricultural commodity price series. Musunuru et al. (2013) and Dinku and Worku (2022) both

employed Threshold GARCH (TGARCH), and Exponential GARCH (EGARCH) to signify the

presence of leverage effects and analyze the time-varying price volatility of various agricultural

products. Collectively, these studies consistently concluded that EGARCH demonstrates supe-

rior performance in terms of out-of-sample volatility forecasting. Another prominent extension

of asymmetric GARCH model is the GJR-GARCH model, proposed by Glosten, Jagannathan,

and Runkle in 1993 (Glosten et al. 1993). This model has been applied in various empirical

studies, including Le Roux (2018) and Xu et al. (2021). Le Roux (2018) focused on investigat-

ing price volatility of cocoa, coffee, and sugar using daily data from January 2007 to March

2017. Similarly, Xu et al. (2021) introduced insightful contributions by incorporating trading

volume and open position into the conditional variance equation of GJR-GARCH model as

potential in�uential factors associated with price �uctuations in the China's soybean market.

Their �ndings con�rmed the persistence of past shocks on future volatility and highlighted the

presence of a leverage effect in the soybean market, indicating its high susceptibility to external

disturbances. By adding trading volume and position as information �ow to the GJR-GARCH

model, this study shed light on the suitability of this approach for analyzing the relationship

between price dynamics and exogenous in�uential factors.

Collectively, previous studies have acknowledged the ef�ciency of GARCH-type models in

capturing intrinsic attributes of price series data such as persistence, asymmetry, non-linearity,

and leverage effects. However, these studies often assume a stable parameter structure within

the volatility process, thereby overlooking the possibility of abrupt and drastic changes emerg-

ing in the price series. These unexpected changes are referred as structural breaks, and failure to

account for these may lead to distorted forecasting outcomes and misinterpretation (Chapman

and Killick 2020). Hence, Arouri et al. (2012) examined the relevance of structural breaks and

long memory in modeling and forecasting the conditional volatility of oil prices. They used a

modi�ed version of Inclan and Tiao (1994)'s iterated cumulative sum of squares algorithm to
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test the null hypothesis of a constant unconditional variance of the oil return series against the

alternative of structural breaks existing the series. By examining GARCH process parameters

across subsamples delineated by structural break dates, they unveiled evidence of parameter

instability. Their out-of-sample analysis also indicated the enhanced predictive accuracy of

models that account for structural breaks and long memory characteristics. Prompted by this

discovery, Salisu and Fasanya (2013) undertook a similar study concentrating on two prominent

oil markets, namely West Texas Intermediate and Brent. They adapted the Liu and Narayan

(2010) structural break test to accommodate leverage effects in oil price series. Their �ndings

revealed the presence of two breakpoints, aligning with two major economic events in 1990

and 2008. Similar to Arouri et al. (2012), they observed evidence of persistence and leverage

effects in the oil price volatility, leading them to conclude that asymmetric GARCH models

outperform symmetric ones.

The preceding review indicates the continued prominence of both symmetric and asymmetric

GARCH models in forecasting commodity price volatility. However, there remains a lack of

literature concentrating on P fertilizer commodities, which have become highly responsive to

prevailing economic conditions and are directly linked to rampant food insecurity. Additionally,

the investigation of structural breaks in this context has been limited in the existing literature.

Therefore, this study endeavors to contribute to the existing knowledge by incorporating

structural breaks into volatility models when measuring and forecasting P fertilizer commodity

prices. We also aim to establish a comprehensive framework for identifying the most best-�tting

models for each price series.

2.3 Data

2.3.1 Data Description

Monthly price data in nominal US dollars for each commodity were obtained from the World

Bank Pink Sheet Data (www.worldbank.org / en/ research/ commodity-markets). This database

is an authoritative, publicly available, and frequently updated source that provides monthly

and annual price series for a wide range of commodities. The data employed in this study

comprises monthly price series from January 1992 to December 2022 for Diammonium Phos-

phate fertilizer (DAP), Triple Superphosphate fertilizer (TSP), and Phosphate Rock (PR). All

series were adjusted for in�ation using the US consumer price index obtained from the US

Bureau of Labor Statistics with the reference period being 1982-1984 (downloaded 05 April,

2023). Prior to performing forecasting modeling, each series was divided into two parts, the
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in-sample (January 1992 to December 2015) and the out-of-sample (January 2016 to December

2022). The latter was held out during the model estimation process in order to later evaluate

the forecasting performance of the model.

Table 2.1: Descriptive statistics of monthly commodity price series.

Statistics
PR DAP TSP

Pt yt Pt yt Pt yt

Mean 88.59 0.0040 319.9 0.00186 292.2 0.00219
Median 44.00 -0.0020 264.1 -0.00068 226.8 -0.00131
Maximum 450.00 0.80551 1075.8 0.33973 1131.5 0.29969
Minimum 31.50 -0.78816 112.8 -0.47415 105.1 -0.44738
Observations 372 371 372 371 372 371

*Note: Pt is the actual price at time t adjusted for in�ation; yt is the log return of price series.

(a) Phosphate Rock (b) DAP (c) TSP

*Note: Figures in the upper row present nominal price data (grey) and in�ation-adjusted price data (blue).

Figures in the lower row present log-transformed price data as calculated in Equation 2.1.

Figure 2.1: Monthly commodity price series from January 1992 to December 2022.

2.3.2 Characteristics of Fertilizer Price Series

Fertilizer price series exhibit various statistical characteristics that are essential for computing

future forecasts and making informed decisions regarding fertilizer usage in the agricultural

sector. Since these properties can vary depending on different price series and the time period

under analysis, it is crucial to decompose them prior to developing a model that may overall
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result in accurate forecasts.

Seasonality is a common characteristic of fertilizer price series, wherein prices tend to follow a

regular pattern or trend throughout the year. For instance, prices may be higher during the

planting season and lower during the harvest season. A long-term trend is another feature that

may be observed in fertilizer price series. The presence of such a trend can be re�ected in the

increase or decrease over a period of several years due to �uctuations in the supply and demand

dynamics or other economic factors. When developing a forecasting model, it is imperative

to detect seasonality and consider how it in�uences the persistence of certain price movements.

Volatility is a critical attribute of fertilizer price series that necessitates thorough scrutiny and

examination. This term represents the unpredictability and magnitude of sudden price move-

ments in the market. Given the current erratic price dynamics of the global fertilizer market, a

rigorous investigation of volatility and its potential factors, such as weather patterns, political

events, or shifts in trade policies, is vital for developing accurate forecasting models.

Another relevant statistical properties of fertilizer price series are autocorrelation and skewness

and kurtosis . These two features are signi�cant when modeling and analyzing time series data.

Hence, our approach aims to control for these statistical characteristics in order to enhance

the accuracy of forecasting results.

2.4 Methods

2.4.1 Stationarity Test

Stationarity is a fundamental feature of time series data, implying that the statistical properties

of the data remain constant over time, including the mean, variance, and autocorrelation.

Failure to eliminate the non-stationary nature of �nancial time series data can lead to spurious

statistical inference and incorrect forecasting results. Hence, a �rst differenced logarithmic

transformation was performed using the following equation:

yt = l og
•

Pt

Pt � 1

‹
, (2.1)

Where yt is the log return of time series data at time t. This method helps stabilize the variance

and reduces the effect of extreme values. We also conducted the Augmented Dickey-Fuller

(ADF) test and the Phillips-Perron (PP) test as additional measures to con�rm the stationarity

12



of each price series. ADF is a parametric test that checks the null hypothesis of the presence of

a unit root in the price series. In contrast, PP test relies on non-parametric statistical methods

to account for the serial correlation in the error terms.

2.4.2 Structural Breakpoints Detection

A prevalent obstacle encountered in time series analysis is the forecasting of data that is subject

to structural breakpoints (Chapman and Killick 2020). Structural breakpoints refer to abrupt

changes in the behavior of a time series categorized by signi�cant shifts of macroeconomic

conditions, such as policy changes, economic shocks, trade disruptions, or natural catastro-

phes. Thus, to provide a quantitative view on whether DAP, TSP, and PR has recently suffered

from critical regime shifts, this research employed the Bai and Perron test to detect possible

breakpoints and assess whether they are corresponding to historical market conditions.

The Bai and Perron test (BP) is an econometric framework for estimating structural break

models based on least square principles (Bai and Perron 1998, 2003b,a). This approach starts

with the following multiple linear regression with m breaks (or m + 1 regimes):

yt = x 0
t � + z0

t � j + u t , t = Tj � 1 + 1, ...,Tj , (2.2)

For j = 1, ...,m + 1, where m represents the number of breaks. In this model, yt is the observed

dependent variable at time t ; x t and zt are vectors of covariates; � and � j are the correspond-

ing vectors of coef�cients ( � is not subject to shifts); u t is the disturbance. The break dates

(T1,...,Tm ) are unknown; T0 = 0 and Tm +1 = T .

The BP approach provides three different test statistics for detecting multiple breaks: (1) test of

no break vs. a �xed (pre-de�ned) number of breaks; (2) test of no break vs. an unknown number

of breaks given some upper bound M ; and (3) test of l vs. l + 1 breaks. For this project, we have

decided to employ the second strategy due to its advantages over the other two approaches.

First, this test is data-driven, meaning that it does not rely on prior assumptions regarding

the number or timing of breaks. This enables the algorithm to to detect and locate multiple

signi�cant breaks in a more �exible and adaptive manner. Second, this strategy is based on

a global minimization approach, which ensures that the algorithm searches the entire space

of possible break points and �nds the optimal number of breaks that minimizes the sum of

squared residuals. In other words, the break locations Ti with i = 1, ...,m , are determined so as
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to minimize:
m +1X

i =1

TiX

t =Ti � 1+1

[yt � x 0
t � + z0

t � i ]
2 (2.3)

The BP procedure was implemented using the R package “strucchange”. This package is

equipped with functions for testing multiple structural breaks in time series data, providing

precise dates of detected breaks, as well as generating diverse diagnostic tools for examining

the assumptions of the test.

2.4.3 Generalized AutoRegressive Conditional Heteroskedasticity

This section provides descriptions of the standard GARCH model, as well as some extended

models that account for asymmetry and extreme volatility effects. A Generalized AutoRegressive

Conditional Heteroskedasticity (GARCH) model is comprised of two components: conditional

mean equation ( yt ) and conditional variance equation ( � 2).

Let yt be the log return at time t (Eq. 2.1); then the mean equation of yt can be expressed by

the following equation:

yt = E(yt j
 t � 1) + " t (2.4)

Where E(�j�) denotes the conditional expectation operator; 
 t � 1 is the information available at

time t � 1; " t is the residual of the time series at time t , which describes uncorrelated distur-

bances with zero mean and explains the unpredictable nature of the time series data.

The conditional mean equation is speci�ed by the Autoregressive-moving-average model

(ARMA), which includes the combination of both autoregressive AR(m) and moving average

MA(n) terms. The ARMA(m,n) process can be expressed as:

yt = � +
mX

i =1

� i yt � i +
nX

j =1

� j " t � j (2.5)

Where � is the constant term; � i is the AR coef�cient at order i and � j is the MA coef�cient

at order j ; m and n are non-negative integers. However, this mean equation is inadequate

in accounting for the heteroskedastic effects present in time series data, namely, volatility

clustering and leverage effects. In this context, Engle (1982) proposed de�ning the " t terms as

" t = � t zt with zt is the standardized residual that is independently and identically distributed

with mean equal to zero and variance equal to one. The goal is to describe " t terms as an

autoregressive conditional heteroskedastic process (ARCH), which estimates the variance of
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returns as a simple quadratic function of the lagged values of the residuals:

� 2
t = ! +

qX

i =1

� i "
2
t � i

,where ! > 0 and � i � 0 (i = 1, ...,q )

(2.6)

One of the limitations of Engle's ARCH(q) model is that it necessitates a large number of

parameters and a higher order of q to effectively capture the volatility effects. To remedy this,

Bollerslev (1986) proposed the GARCH model, which was constructed based on an in�nite

ARCH speci�cation and offered the advantage of reducing the number of estimated parameters

(more parsimonious) by enforcing nonlinear constraints. The standard GARCH(p,q) can be

identi�ed as:
" t = � t zt

zt � i i d N (0,1)

� 2
t = ! +

qX

i =1

� i "
2
t � i +

pX

j =1

� j �
2
t � j

(2.7)

Where ! > 0; � i � 0 for i = 1, ...,q ; and � j � 0 for j = 1, ...,p . These restrictions are important to

ensure that the conditional variance ( � 2
t ) is positive for all time t.

As previously discussed, previous literature has raised a concern towards the standard GARCH

model for assuming a linear relationship between the conditional variance and the squared

past residuals, e.g., a positive shock is assumed to have the same effect on volatility as a

negative shock. Thus, this project integrated two extended versions of the GARCH model

into the estimation process, aimed at improving the ability to capture volatility effects and

minimizing the in�uence of white noise on the forecast results. The Exponential GARCH

(EGARCH) developed by Nelson (1991) can demonstrate the presence of volatility asymmetry

with respect to the sign of the error term. The EGARCH(p,q) model is given by:

zt =
" t

� t

l og (� 2
t ) = ! +

qX

i =1

� i zt � i + � i (jzt � i j � E jzt � 1j) +
pX

j =1

� j l og (� 2
t � j )

(2.8)

Expressing EGARCH(p,q) model in logarithmic form certi�es the non-negativity of the condi-

tional variance � 2
t while eliminating the need to impose constraints on model's coef�cients.

� i is ARCH effect, and � j is GARCH effect. The asymmetric effect is represented by � i . � i < 0

implies that negative shocks ( zt � i < 0) generate larger volatility than positive shocks ( zt � i > 0).
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Glosten et al. (1993) introduced their asymmetric GARCH model in 1993 (GJR-GARCH). Similar

to EGARCH, GJR-GARCH model is based on the premise that volatility may react differently in

response to "bad news" or "good news". GJR-GARCH model is as follows:

" t = � t zt

zt � i i d N (0,1)

� 2
t = ! +

qX

i =1

(� i + 
 i Nt � i )"
2
t � i +

pX

j =1

� j �
2
t � j

Nt � i =

8
<

:

1, if " t � i < 0

0, if " t � i � 0

(2.9)

Where � i is the parameter of ARCH; � j is the parameter of GARCH; 
 i is the parameter of

asymmetric effects. The binary variable Nt � i ensures that a negative shock on returns will have

a stronger impact on the conditional variance than a positive shock. Similar constraints on the

standard GARCH model's coef�cients are also enforced on the GJR-GARCH model to guarantee

positive conditional variance at all time t .

In order to avoid potential bias, we performed an automatic search for the best-�tting model

speci�cations. We generated a total of 218 models for each price series from different condi-

tional mean and conditional variance speci�cations in ARMA(m, n) - GARCH(p, q) models,

where m and n were either 0,1, or 2, and p and q were either 1 or 2. The distribution of error

terms were con�gured with both normal distribution and student's t-distribution. The best-

�tting model was determined based on Bayesian Information Criterion (BIC). BIC is preferred

in our analysis since it tends to select simpler models by penalizing model complexity more

heavily than Akaike Information Criterion (AIC), effectively mitigating the risk of over�tting

the data with excessively intricate models. BIC is de�ned as follows:

B I C = k l n (n ) � l n (L) (2.10)

Where L is the maximum value of the likelihood function evaluated at the parameter estimates,

n is the number of observations, and k is the number of estimated parameters in the model.

The GARCH estimation process was performed using the Maximum Likelihood Estimation

provided by “rugarch” package in R. This procedure �nds parameter values for which GARCH

is most parsimonious. Its functionality also includes path simulations, which this paper later
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utilize to generate feasible price trend scenarios.

2.4.4 Incorporating Structural Breaks into Forecasting Models

Upon con�rmation from the Bai and Perron test that our price series are susceptible to struc-

tural break-changes, it is imperative to incorporate them when modeling the entire dataset.

Failure to account for these changes may lead to distorted forecasting outcomes and mis-

interpretations. Referring to the Pre-estimation method proposed by Chapman and Killick

(2020), this paper set detected breakpoints as dummy regressors in the forecasting models. Let

m represent the number of breaks identi�ed by the Bai and Perron test, and Ti be the break

location with i = 1, ..,m ; then, we can produce (m + 1) segment indicators:

v i
t =

8
<

:

1, if Ti � 1 < t � Ti

0, otherwise
, for i = 2, ...,m + 1 (2.11)

The ARMA(p,q) mean equation (2.5) can now be modeled as follows:

yt =
m +1X

i =2

� i v
i
t +

pX

i =1

� i yt � i +
qX

j =1

� j " t � j (2.12)

Where v i
t is the segment indicator; � i is the size of the mean change to be estimated; and the

remaining parameters are as in Equation (2.5).

To summarize, our approach of forecasting fertilizer price series with the presence of structural

breakpoints is constructed as follows:
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Figure 2.2: Flowchart of the GARCH methodology.

2.4.5 Forecast Accuracy Evaluation

To evaluate the in-sample estimation and out-of-sample forecasting performance of volatility

models, we applied six commonly used loss functions, where N refers to the total number of

either in-sample or out-of-sample observations; ŷi and yi are respectively the forecasted and

actual volatility.

Table 2.2: Forecasting performance metrics.

Loss function Calculation formular

Mean squared error M SE = 1
N

P N
i =1(ŷi � yi )2

Mean absolute error M AE = 1
N

P N
i =1 j ŷi � yi j

Root mean squared error RM SE =
q

1
N

P N
i =1(ŷi � yi )2

Heteroskedasicity-adjusted MSE H M SE = 1
N

P N
i =1

€
1 � ŷi

yi

Š2

Heteroskedasicity-adjusted MAE H M AE = 1
N

P N
i =1

�
�
�1 � ŷi

yi

�
�
�

Quasi-likelihood Q LI K E = 1
N

P N
i =1 l og ŷi + yi

ŷi

18



2.5 Empirical Results

2.5.1 Tests of Stationarity and ARCH effects

At 5 percent level of signi�cance, the ADF test provided compelling evidence of non-stationarity

in all three level series. Conversely, the Phillips-Perron (PP) test indicated that the PR and TSP

price series were initially stationary and might not require logarithmic transformation. However,

after differencing the series once, both tests exhibited high signi�cance at 1 percent level of

signi�cance. This �nding necessitated the use of �rst differencing for accurate modeling and

forecasting of these series. The detailed results of the tests are given in Table 2.3.

Table 2.3: Stationarity tests for each commodity price series.

Price series ADF test P-value PP test P-value

PR
Level -3.0194 0.1467 -21.9 0.04606
Differenced -5.8722 < 0.01 -162.23 < 0.01

DAP
Level -2.9801 0.1633 -20.145 0.0687
Differenced -5.5068 < 0.01 -162.23 < 0.01

TSP
Level -3.3408 0.06428 -21.644 0.04807
Differenced -6.2862 < 0.01 -163.39 < 0.01

GARCH models were constructed under the assumption of heteroskedasticity, i.e., the residuals

are not constant throughout the sample (Bollerslev 1986; Glosten et al. 1993; Nelson 1991). To

validate the presence of ARCH effects in each price series, the ARCH-Lagrange Multiplier (LM)

test was carried out. The test works by regressing the squared errors on its lags and testing the

null hypothesis that all coef�cients of the lagged regression are equal to zero. Results showed

that the null hypothesis of no ARCH effects was rejected at 5 percent level of signi�cance for all

three price series. Thus, we can conclude that heteroskedasicity is present in all price series

considered in this study, and GARCH is an appropriate approach for accounting for volatility.

The results of the test are given in Table 2.4.
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Table 2.4: ARCH - Lagrange Multiplier test for each commodity price series.

Lags
Chi-squared value P-value

PR DAP TSP PR DAP TSP

1 3.7888 47.349 81.336 0.0516 <0.0001 <0.0001
2 3.9018 47.329 85.363 0.1421 <0.0001 <0.0001
3 8.4613 47.894 85.326 0.0374 <0.0001 <0.0001
4 8.5128 53.918 85.084 0.0745 <0.0001 <0.0001
5 8.5433 57.404 85.009 0.1287 <0.0001 <0.0001

2.5.2 Detected Structural Breakpoints

All three commodities included in this study exhibited multiple structural breakpoints over

the past three decades (Figure 2.3, Table 2.5). Statistical analysis of PR price series reveals

three structural change points during the study period, occurring in January 1999, March

2008, and March 2013 (Figure 2.3a). Each breakpoint signi�es a discernible change in the price

trajectory, indicating shifts in the underlying factors. In particular, the March 2008 breakpoint

corresponds a commodity price surge prior to the Global Financial Crisis and recession. During

this time, fertilizer prices surged to an unprecedented all-time high. Previous literature has

extensively examined the Global Financial Crisis of 2007-2008 as the primary catalyst respon-

sible for this phenomenon. The crisis was characterized by escalating fuel and raw material

costs, heightened global demand for fertilizers, limited capacity to meet surging demand,

and speculation-driven market dynamics (Khabarov and Obersteiner 2017). The March 2013

breakpoint marks another turning point in PR price dynamics, with prices gradually returning

to pre-recession levels of stability, but remaining approximately double the pre-peak baseline.

DAP and TSP fertilizers demonstrate signi�cant breakpoints that occurred at comparable

positions (Figures 2.3b, 2.3c). Similar to PR, DAP and TSP prices reached all-time high levels

in early 2007 and then dropped precipitously in the following years. Yet, the post-recession

price trends were notably volatile, and the shift in 2013 marked a transition to a long phase of

higher price regime. Most importantly, our break test locates a recent emergence of structural

breakpoint in May 2018 for both DAP and TSP. This critical transition is characterized by a

gradual and steady decline towards the end of 2019, followed by a sharp increase beginning in

early 2020. We argue that the COVID-19 pandemic and the Ukraine-Russia was primary catalyst

of this price spike, though higher prices more recently have been sustained by protectionist

trade policies, including a reduction in P fertilizer exports from China.

Based on these analyses, we argue that the fertilizer commodity markets have historically
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experienced multiple periods of high volatility. Market distortions were most notable during

the Global Financial Crisis of 2007-2008, during which all commodity prices reached all-time

high levels. The emergence of the 2018 breakpoint in DAP and TSP fertilizer has marked

another pivotal transition from a long phase of relatively steady price trajectory to a new regime

characterized by higher prices and heightened volatility dynamics. Our evidence suggests that

although there are initial indications of a declining price trend in late 2022, we anticipate

the market to continue to exhibit signi�cant volatility and prices to settle at levels somewhat

higher than those preceding. Overall, these �ndings underscore the persistence of high and

volatile price dynamics within the agricultural commodity market, complicating decision-

making processes for involved stakeholders and challenging the global attempts to achieve

food security in coming decades.

(a) Phosphate Rock (b) DAP (c) TSP

*Note: Vertical red lines denote signi�cant change points associated with speci�c dates provided in Table 2.5.

Figure 2.3: Temporal breakpoints of commodity price series.

Table 2.5: Detected break dates of each commodity.

Commodity Detected change points

Phosphate Rock January 1999, March 2008, March 2013
DAP February 2007, April 2013, May 2018
TSP April 2007, January 2013, May 2018

2.5.3 Model Parameter Estimation Results

Based on the automated search for optimal models discussed in Section 2.4, we present pa-

rameter estimation results for the most parsimonious model from each single-regime GARCH

model applied to each commodity. The estimation results for DAP, TSP, and PR are shown in

Tables 2.6, 2.7, and 2.8, respectively.

First, our results lend support for a slow mean reverting variance process for all the estimated

models (both the symmetric and asymmetric models) for the three price series. The sum of
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ARCH and GARCH effects, i.e., (� + � ), are close to 1, indicating a high degree of volatility

persistence in all three markets. For all three commodities, the ARCH coef�cients estimated by

SGARCH and GJR-GARCH indicate a positive and signi�cant impact of past squared residuals

on current volatility at 1% level of signi�cance. This suggests the presence of autoregressive

behavior in the volatility process, where large past shocks tend to have a lasting effect on

future volatility. Second, for DAP and TSP price series, statistical evidence obtained from either

EGARCH or GJR-GARCH con�rms the presence of leverage effects. In both markets, the coef�-

cients demonstrate a positive value, suggesting that positive shocks generate larger volatility

than negative shocks in the fertilizer markets. Conversely, the results for PR demonstrate con-

trasting outcomes, with the leverage effect coef�cient not achieving statistical signi�cance in

both asymmetric models.

(a) PR-SGARCH (b) PR-EGARCH (c) PR-GJRGARCH

(d) DAP-SGARCH (e) DAP-EGARCH (f) DAP-GJRGARCH

(g) TSP-SGARCH (h) TSP-EGARCH (i) TSP-GJRGARCH

Figure 2.4: In-sample Observed volatility (grey) vs. Fitted volatility (blue).
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Table 2.6: Estimation results of volatility models with three structural breaks for DAP.

Variable sGARCH(0,2)-(1,1) eGARCH(0,2)-(1,1) GJR(0,2)-(1,1)

Distribution std std std
Mean equation
� -0.002613 -0.00266 -0.002655

(0.276021) (0.154486) (0.271504)
� 1 0.647425*** 0.643820*** 0.650071***

(0.000000) (0.000000) (0.000000)
� 2 0.272274*** 0.282082*** 0.274297***

(0.000005) (0.000000) (0.000003)
� 1 0.006376 0.005585 0.007023

(0.668135) (0.215916) (0.719658)
� 2 -0.001604 -0.003565 -0.001548

(0.895190) (0.735068) (0.838526)
Variance equation
! 0.000049 -0.525186** 0.000052

(0.211683) (0.031595) (0.239624)
� 1 0.272312*** -0.107264 0.249538***

(0.000303) (0.364543) (0.001733)
� 1 0.726688*** 0.901827*** 0.719934***

(0.000000) (0.000000) (0.000000)
� 1 - 1.102386** -

(0.010726)

 1 - - 0.059055

(0.607353)
Information criteria
AIC -3.6044 -3.6700 -3.5984
BIC -3.4896 -3.5425 -3.4709
Shibata -3.6062 -3.6723 -3.6007
Hannan-Quinn -3.5584 -3.6189 -3.5473

Note: P-values are reported in the parentheses.

*Indicate rejections of the null hypothesis at the 10% signi�cance level.

**Indicate rejections of the null hypothesis at the 5% signi�cance level.

***Indicate rejections of the null hypothesis at the 1% signi�cance level.
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Table 2.7: Estimation results of volatility models with three structural breaks for TSP.

Variable sGARCH(1,0)-(1,1) eGARCH(1,0)-(1,1) GJR(2,2)-(1,1)

Distribution std std norm
Mean equation
� -0.001306 -0.001317 0.002885

(0.262529) (0.198827) (0.485761)
� 1 0.336257*** 0.322658*** 0.229347

(0.000000) (0.000000) (0.572889)
� 2 - - 0.241090

(0.191103)
� 1 - - 0.209117

(0.607054)
� 2 - - -0.196735

(0.152803)
� 1 -0.001114 -0.001103 -0.031965

(0.861290) (0.869928) (0.111883)
� 2 0.000153 0.000239 -0.002756

(0.955401) (0.929653) (0.787981)
Variance equation
! 0.000074* -0.252295* 0.000049***

(0.054571) (0.079932) (0.001084)
� 1 0.313269*** 0.019665 0.167644***

(0.000297) (0.857083) (0.002008)
� 1 0.685731*** 0.961247*** 0.874801***

(0.000000) (0.00000) (0.000000)
� 1 - 0.845036 -

(0.143318)

 1 - - -0.151564**

(0.010076)
Information criteria
AIC -3.5884 -4.4454 -3.7281
BIC -3.4709 -4.3434 -3.5879
Shibata -3.6007 -4.4469 -3.7309
Hannan-Quinn -3.5473 -4.4045 -3.6719

Note: P-values are reported in the parentheses.

*Indicate rejections of the null hypothesis at the 10% signi�cance level.

**Indicate rejections of the null hypothesis at the 5% signi�cance level.

***Indicate rejections of the null hypothesis at the 1% signi�cance level.
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Table 2.8: Estimation results of volatility models with three structural breaks for PR.

Variable sGARCH(0,1)-(1,1) eGARCH(0,1)-(1,1) GJR(0,1)-(1,1)

Distribution std std std
Mean equation
� -0.001989*** -0.002031*** -0.001997***

(0.000000) (0.000000) (0.000000)
� 1 0.160491*** 0.060950** 0.156897***

(0.000140) (0.048015) (0.000251)
� 1 -0.000432 -0.000292 -0.000423

(0.170286) (0.573180) (0.180279)
� 2 0.001668*** 0.000781 0.001684***

(0.004405) (0.409140) (0.003907)
� 3 0.003861*** 0.005180*** 0.004023***

(0.007555) (0.004723) (0.007848)
Variance equation
! 0.000019*** -2.107070*** 0.000019***

(0.001760) (0.002816) (0.001700)
� 1 0.917507*** -0.245435 0.791146***

(0.00007) (0.223538) (0.001883)
� 1 0.081493** 0.777181*** 0.076436*

(0.030522) (0.000000) (0.051357)
� - 0.487910 -

(0.191500)

 1 - - 0.262837

(0.537384)
Information criteria
AIC -6.4349 -6.2765 -6.4293
BIC -6.3201 -6.1490 -6.3018
Shibata -6.4367 -6.2788 -6.4316
Hannan-Quinn -6.3889 -6.2254 -6.3782

Note: P-values are reported in the parentheses.

*Indicate rejections of the null hypothesis at the 10% signi�cance level.

**Indicate rejections of the null hypothesis at the 5% signi�cance level.

***Indicate rejections of the null hypothesis at the 1% signi�cance level.
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2.5.4 In- and Out-of-sample Forecasting Accuracy Results

In this subsection, our objective is to evaluate whether incorporating asymmetric effects and

structural breakpoints improves the overall predictive power of volatility models. To achieve

this, we directly compare the performance of each single-regime GARCH model through in-

and out-of-sample estimations. The results for in-sample and out-of-sample forecasting accu-

racy are presented in Table 2.9 and Table 2.10, respectively.

Overall, the asymmetric models exhibit superior performance for in-sample forecasting. Across

all three commodities, the GJR-GARCH model consistently outperforms both the SGARCH

and EGARCH models, resulting in lower forecasting losses and indicating higher accuracy in

forecasting. This �nding aligns with the previously discussed presence of leverage effects in

DAP and TSP price series. Therefore, it is important to include coef�cients that represent the

impact of shocks on volatility to adequately capture the dynamic and time-varying nature of

volatility.

According to previous literature, the out-of-sample performance of a predictive model holds

greater importance than its in-sample performance, as market participants are often more

concerned about the model's ability to accurately predict the future rather than its effectiveness

in analyzing historical data (Ma et al. 2018; Wang et al. 2018; Zhang et al. 2019; Weng et al.

2019). In Table 2.10, we present a comparation of out-of-sample forecasting accuracy between

GARCH models, both with and without structural breakpoints. Our empirical �ndings yield

robust evidence that the incorporation of such breakpoints results in improved predictive per-

formance. Similar to the in-sample estimations, asymmetric models, particularly GJR-GARCH,

consistently demonstrate superior results.

To summarize, our �ndings reveal the presence of persistence and leverage effects in the volatil-

ity of P fertilizer prices. Upon evaluating predictive performance, we can generally conclude the

superiority of asymmetric models in effectively modeling the time-varying fertilizer commodity

price dynamics. The inclusion of detected structural breakpoints into the model �tting process

further enhance the overall forecasting performance. By employing this estimation process,

we were able to address two crucial aspects: (i) accounting for the non-normality inherent to

fertilizer prices, (ii) capturing the time-varying conditional heteroskedasticity of the fertilizer

prices, enabling an evaluation of the variance mean-reverting property. Moving forward, the

most optimal model discussed in this section will be utilized to generate simulations of future

price volatility.
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Table 2.9: In-sample predictive accuracy.

Series Model MAE MSE RMSE HMAE HMSE QLIKE

DAP
SGARCH 0.03905 0.003697 0.06080 6.0373 663.08 -2.3280
EGARCH 0.05625 0.008202 0.09056 9.8185 1691.36 -2.2063
GJR 0.03900 0.003695 0.06079 6.0205 665.58 -2.3275

TSP
SGARCH 0.03035 0.002231 0.04723 12.4939 2684.60 -2.7362
EGARCH 0.05818 0.005818 0.07628 24.0422 10431.07 -2.4270
GJR 0.03293 0.002456 0.04955 15.0406 3952.51 -2.6771

PR
SGARCH 0.03767 0.011114 0.10542 23.8822 87463.73 -2.2667
EGARCH 0.34630 19.496670 4.41550 38.1682 214319.10 -2.9050
GJR 0.03676 0.010852 0.10417 22.0752 71698.72 -2.2589

Note: The smallest number in each column is indicated in bold, suggesting that the corresponding model performs

statistically better among other models.

Table 2.10: Out-of-sample predictive accuracy for models with and without structural breaks.

Series Model MAE MSE RMSE HMAE HMSE QLIKE

DAP

SGARCH 0.02978 0.0018477 0.04298 5.78087 453.64 -2.21207
SGARCH* 0.02980 0.0018483 0.04299 5.79171 455.20 -2.21186

EGARCH 0.04993 0.00414 0.06436 9.60850 1023.78 -2.06497
EGARCH* 0.05100 0.00430 0.06554 9.78158 1056.44 -2.05741

GJR 0.02964 0.001826 0.04274 5.75427 454.53 -2.21433
GJR* 0.02967 0.001829 0.04276 5.76849 456.28 -2.21396

TSP

SGARCH 0.03242 0.002452 0.04952 6.50445 227.66 -2.293486
SGARCH* 0.03241 0.002450 0.04950 6.51056 228.16 -2.293485

EGARCH 0.06735 0.00710 0.08426 14.5073 1118.18 -2.03899
EGARCH* 0.06728 0.00707 0.08407 14.5051 1118.01 -2.03897

GJR 0.02983 0.00217 0.04659 6.62897 278.89 -2.30280
GJR* 0.03023 0.00219 0.04676 6.89120 303.30 -2.30094

PR

SGARCH 0.03741 0.00444 0.06665 6.67427 229.89 -1.68693
SGARCH* 0.03711 0.00439 0.06626 6.73760 231.28 -1.76527

EGARCH 0.05507 0.03111 0.17637 9.66816 508.02 -2.09579
EGARCH* 0.05632 0.03301 0.18168 10.03909 544.43 -2.11124

GJR 0.03699 0.00431 0.06561 6.74490 243.00 -1.65949
GJR* 0.03695 0.00434 0.06585 6.77268 236.20 -1.75952

Note: (*) indicates that no structural breaks were considered when �tting the model.
Smaller number between the same GARCH-type model are indicated in bold, suggesting that the corresponding
model performs statistically better.

2.5.5 Future Price Simulations

The analysis of 10-year-ahead price simulations for PR, DAP, and TSP provides insight into the

expected price dynamics of these important agricultural commodities (Figure 2.5). Among the

simulations conducted, DAP exhibits a mixed pattern, with 58.4% (584 out of 1000 simulations)
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indicating a declining trend and 41.1% suggesting an increasing trend over the next decade

(Figure 2.5b). This result implies a prevailing expectation of a downward trajectory in DAP

prices in the long term, with a notable minority anticipating potential price jumps. More no-

tably, our results reveal a possibility for future DAP price trends to reach a new unprecedented

level. This is exempli�ed by a small subset of simulations that exceed the horizontal dotted

line, suggesting the potential to surpass the all-time peak observed in 2008. TSP presents

similar results, with 64.3% suggesting a decreasing trend and 35.2% indicating an increasing

trend (Figure 2.5c). This signi�es a higher likelihood of TSP prices experiencing a downward

movement in the coming decade. Yet, the emergence of some simulated price trajectories

surpassing the historical peak also suggests potential market distortions in the near future. In

contrast, PR result showcases a strong consensus among simulations, with 92.5% presenting a

gradual descending trend (Figure 2.5a). None of the simulations exceed the 2008 price peak,

inferring a relatively stable and less volatile market compared to TSP and DAP. In sum, our

�ndings underscore the importance of diligently monitoring market dynamics as well as its

price spike magni�cation and triggering mechanisms on both national and international levels.

A caveat to consider is that a small subset of price projections, which either revert to zero or

reach in�nite values, have been excluded from all calculations to ensure the accuracy and

reliability of the results. Although necessary for the integrity of the analysis, the exclusion of

these extreme price simulations can be considered as a statistical limitation of our approach.

Thus, while our �ndings offer informative insights into the future fertilizer market dynamics,

the omission of extreme projections may underestimate the overall uncertainty and risks

associated with extreme market scenarios or rare events that could impact price trends.

(a) Phosphate Rock (b) DAP (c) TSP

Figure 2.5: 10-year-ahead price simulations.
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2.6 Discussion and Conclusions

In this paper, test for structural breaks and three single-regime GARCH models (standard

GARCH, nonlinear GJR-GARCH and EGARCH) are employed to understand the evolution of

historic fertilizer price trends and to measure and forecast the price volatility of P fertilizer

commodities, including Diammonium Phosphate fertilizer, Triple Superphosphate fertilizer,

and the raw material Phosphate Rock. Our main objective is to investigate whether the price

dynamics of these commodities over the past 30 years exhibit signi�cant structural change

points and whether these changes correspond to extreme economic events. Additionally, we

incorporate structural breakpoints into the GARCH �tting process to demonstrate their impor-

tance in enhancing the predictive performance of volatility models.

We �nd that recent macroeconomic shocks have substantially impacted P and associated fertil-

izer markets through a pandemic-induced economic shock that led to nationwide shutdowns

of factories, supply chain disruptions, and decreased demands for some goods and services.

The recent emergence of the Russia-Ukraine con�ict has also caused major escalation in the

fertilizer price dynamics. DAP and TSP fertilizers have respectively risen by 48% and 73% since

the start of 2021, reaching levels unseen since the 2008 global �nancial crisis. While there is

a substantial literature that has investigated the impacts of shifting fertilizer price dynamics

following the 2008 commodity price surge and subsequent global recession, more work is

needed to assess recent market developments. Our analysis indicates that global markets could

now be in a new period of market volatility but gradual price declines, similar to the several

year period following 2008.

We �nd that all commodities exhibited three signi�cant structural breakpoints during the past

three decades. These breakpoints were detected in the years of 2008, 2013, and 2018, coinciding

with two important extreme economic events. These results align with existing literature, which

extensively examines the Global Financial Crisis of 2007-2008 as primary culprit for various

market distortions. Additionally, the emergence of the 2018 breakpoint is suggestive of another

pivotal transition from a long phase of relatively steady price trajectory to a new regime charac-

terized by higher prices and heightened volatility dynamics. These �ndings not only underscore

the persistent presence of excessive volatility in the P fertilizer market but also serve as a warn-

ing signal for future market turbulence typi�ed by rapid price surges followed by rapid declines.

Longer-term, it is possible that prices once again stabilize at a new global equilibrium that is

higher than pre-COVID-19 and 2008 recession levels. Sustained upward pressure on fertilizer
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markets raises food security concerns, but also increases the market incentives for more alter-

native phosphorus fertilizers sourced from recovered P. That is, higher global P fertilizer prices

reduces the wedge between phosphate rock-based fertilizers and new sources produced from P

alternatives such as P recovered in surface water systems. These higher prices may also provide

incentive for farmers to mine under-utilize legacy P that has accumulated in agricultural soils

over time. Higher prices or price-based policy instruments may thus hasten a transition to

a more sustainable P future, but the bene�ts of such a transition (including improved water

quality) will need to be balanced with the potential food security costs of higher agricultural

input costs in vulnerable supply regions.

Our empirical analysis highlights that GARCH methodology is a promising approach for char-

acterizing and forecasting the dynamic behavior of price series data. The asymmetric GARCH

framework is found to be advantageous in capturing the leverage effect and volatility clustering

phenomena inherent in the price series. The estimation results suggest that incorporating

structural breakpoints into �tting asymmetric volatility models, particularly GJR-GARCH with

student-t distribution, demonstrate superior forecasting performance. While further exten-

sions are encouraged, the consideration of asymmetric effects as well as structural breaks can

inform future modeling efforts around fertilizer price volatility.

Our most signi�cant �nding is that the forecasting simulations project a steady and subtle

downward trajectory in PR prices over the next 10 years, while anticipating substantial volatility

in DAP and TSP fertilizer prices, albeit with a general declining trend. This divergence in price

forecasts suggests the in�uence of exogenous factors on the manufacturing costs of �nal P

fertilizer products like DAP and TSP are key factors in driving price changes. Recent fertilizer

price spikes caused by COVID-19 reductions in manufacturing and fertilizer supply provide

supporting evidence of this �nding as PR prices were not as severely impacted as �nal P fertil-

izer prices. In-depth analysis of these factors are beyond the scope of this project. However, in

light of current tension between Ukraine-Russia and emerging concerns that limited suppliers

of global PR could exert oligopolistic pricing power, we speculate that geopolitical events and

evolving trade networks may have far-reaching implications for market structure and future

price dynamics.

Our results point to several important areas for future research. First, understanding this rela-

tionship between shifting market structure and price dynamics will be crucial in explaining the

demand and supply imbalances in global fertilizer markets and the potential risks for global

food security. Furthermore, examining fertilizer consumption habits and crop diversi�cation
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within the local agricultural sector in response can provide insights into producers' coping

strategies amidst these dynamics. Improved forecasts of directional changes in P fertilizer

market prices and volatility can also help policymakers develop complementary incentives to

encourage recovery, recycling, and reuse technologies by providing an opportunity cost metric

for comparing relative costs of alternatives. With increasing global populations and growing

markets for non-agricultural P uses, improving mining, extraction, recycling efforts, and diver-

sifying P sources are imperative to mitigate sustained high prices and ensure sustainable food

production.

Overall, an empirical analysis of Phosphorus fertilizer commodity price volatility is a mul-

tidimensional and critical aspect that contributes to both academic research and practical

applications, bene�ting various stakeholders and enhancing the resilience of agricultural sector.

Accurate volatility forecasts empower stakeholders to implement timely measures to mitigate

�nancial risks and optimize resource allocation. Ultimately, the ef�cient use of P fertilizes will

not only enhance productivity and pro�tability within the agricultural sector, but also alleviate

environmental degradation. In the context of global food security, understanding future price

trajectories through volatility modeling plays a critical role in anticipating potential risks and

devising measures to safeguard vulnerable populations against food crises. Such information

can help facilitate ef�cient trade and export planning, enabling nations to optimize their trade

positions in the global marketplace.
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CHAPTER

3

WORLD- AND COUNTRY-LEVEL TRADE

INTERDEPENDENCIES IN THE GLOBAL

FERTILIZER INDUSTRY

3.1 Introduction

Phosphorus (P) is one of the fundamental building blocks of our modern life (Cordell and

White 2011). In addition to its extensive applications in the manufacturing of industrial ma-

terials such as automotive batteries and �ame retardant agents, this element, in the form of

fertilizer, has played an increasingly vital role in sustaining global food systems (Spears et al.

2022). However, nearly all P being consumed is derived from Phosphate Rock (PR), a �nite and

non-renewable resource con�ned to few geographic locations (Brownlie et al. 2022). Hence,

the conversation surrounding "peak Phosphorus", centered around global scarcity of PR as a

source for P fertilizers has recently gained attention at both local and global levels due to both

its potential scarcity and distribution globally (Cordell and White 2011).

The global distribution of PR reserves and the rates of P consumption exhibit major inequalities

globally (Chen and Chen 2023). According the U.S. Geological Survey, Morocco and Western
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Sahara are emerging as an oligopoly, holding 72.5% of the world's P reserves. More than 95% of

the world's P reserves are concentrated in 20 countries in Asia, Africa, and the Americas, leaving

less than 5% distributed among over 200 other countries. Consequently, an oligopolistic market

has emerged, exposing the P-based fertilizer supply chain to political and economic risks due

to its importance to the global food supply chain. With the persistent growth of global popu-

lation and economic advancements, this situation presents a unique challenge in achieving

the United Nation's Sustainable Development Goal 2: Zero Hunger (Zhong et al. 2014; Chen

and Chen 2023). These concerns necessitate a comprehensive analysis of the overall structure

and evolutionary patterns of the global P market, including trade patterns and networks. Such

information is needed to bridge the spatial imbalances embedded within the P supply chain,

and to support policy design to alleviate risks associated with agricultural input and food

affordability and accessibility. This study has become of paramount importance in light of

the ongoing con�ict between Ukraine and Russia, as well as disruptive trade policies. Global

geopolitical tension and other macroeconomic developments have resulted in recent fertilizer

trade restrictions (China), sanctions (European Union, United States, Canada), and disrup-

tions in Black Sea trade routes (Hebebrand and Glauber 2023). The resulting uncertainty and

instability have prompted countries to seek alternative P sources, thereby altering established

trade patterns, impacting agricultural producers worldwide, and inducing cascading effects on

the global food crisis due to surging fertilizer prices and shortage.

In addition, the Nitrogen (N) fertilizer market has also faced tremendous challenges. N fer-

tilizers support roughly half of current food production, and are supplied in three forms:

ammonia, nitrate and urea (Leip et al. 2021). Given Ukraine's signi�cant role in ammonia and

urea production, the ongoing tension has caused rising input prices, thereby reducing the

affordability and accessibility of N fertilizers. Additionally, sanctions against Russia, responsible

for approximately 25% of the world's N fertilizer production, along with other trade policies

enacted in recent years, have further complicated agricultural supply chains. Hence, to ensure a

comprehensive analysis of the global fertilizer supply chain, this study delves into both markets.

The objectives of this study are as follows:

1. Analyze the evolution of P and N fertilizer trade networks over time using complex

network analysis and pairwise mutual information;

2. Compare trade networks and dependencies for P and N markets;

3. Provide policy insight into recent trade dependencies and potential food security impli-

cations of current market structures.
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3.2 Literature Review

Previous research has primarily focused on P �ows assessment and ef�cient utilization strate-

gies. For instance, Linderholm et al. (2012) and Li et al. (2020) both performed substance

�ow analysis to quantify the internal P in�ows and out�ows within the agricultural sectors of

Sweden and China, respectively. Their �ndings underscore a growing inef�ciency of P con-

sumption over time, resulting in substantial accumulation of P losses in soils, uncultivated

land, and surface water. In light of this, many recent papers have sought to acknowledge the

role of international agricultural trade in redistributing global P cycles. Nesme et al. (2018)

provided the �rst comprehensive comparative analysis of P �ows in traded harvested crop

products with the use and trade of mineral P fertilizers. While asserting that agricultural trade

is a key driver of global P �ows, they highlighted its potential risks of altering domestic P cycle,

exposing countries to the volatility of the mineral P fertilizer market. Wang et al. (2022) applied

multi-regional input–output (MRIO) analysis to quantify the P footprint associated with the

global consumption of agricultural products. Their results imply that increased trade has inten-

si�ed imbalance of local P consumption due to the increasing reliance on imports rather than

improved domestic P supply. They also provided evidence that international trade can reduce

total P demand and contribute to global P savings. Studies of Lun et al. (2021) and Ng et al.

(2023), centered around P �ows in industry supply chain, show consistent results. Yet, these

studies also discussed the risks that P-de�cient countries may face due to P redistribution

globally, including increased susceptibility to P scarcity in global markets and P pollutant

accumulation. Overall, these studies have acknowledged the importance of a collaborative

agricultural trading system in achieving P sustainability, ensuring suf�cient P production and

consumption on a global scale.

In recent years, the study of international trade, particularly for global food systems, has been

the subject of substantial research due to the complexities arising from ongoing globalization.

Comprehensive analysis of cross-border trade �ows has extended to markets for diverse mate-

rials, such as aluminium, lithium, graphite, copper, fossil fuels, and oil. To fully understand

the evolution and resilience of trade networks, several studies have emphasized the advan-

tage of complex network analysis (CNA) in unraveling the intricate dynamics and patterns

characterizing bilateral and system-wide trade interactions. The introduction of CNA to the

�eld of international trade by Serrano and Boguná (2003) revolutionized the examination

of the global trade system as “a self-organized network with typical topological features of

a complex network, namely, scale-free degree distribution, small world property, and high

clustering coef�cient”. CNA has since found wide application in the international commodity
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trade, particularly the energy sector. For example, Üster and Dilavero �glu (2014) proposed an

integrated large-scale mixed-integer nonlinear optimization model to analyze the natural gas

transmission network, while Zhong et al. (2016) and Zhang et al. (2021b) applied CNA to quanti-

tatively study the evolutionary trade relationships and hierarchy structure of fossil fuel network.

By combining CNA with panel regression analysis, Zhang et al. (2021b) further highlighted

the impacts of different kinds of country risks (political and economic) on trade patterns. In

regards to the oil industry, Ji et al. (2014) suggested the application of CNA in constructing trade

core network, thereby revealing the operation laws and structural characteristics of the current

oil trade system. Wei et al. (2022) also used CNA to incorporate the topological properties of the

international oil trade network into traditional energy security and trade stability assessment

framework.

The aforementioned studies have primarily relied on trade volumes as a measure of trade

relationships, which overlooks underlying interdependencies within the trade network, such

as country-level pairwise trade preferences. To address this limitation, Kharrazi and Fath (2016)

introduced point-wise mutual information (PMI) as a more precise indicator of trade depen-

dency. PMI is an information-theory measure of dependency, initially applied in linguistics

for investigating aspects like word similarity, co-occurrence of words, and sentiment analysis

(Church and Hanks (1990); Han et al. (2012)). With regard to the international trade network,

Kharrazi and Fath (2016) employed this method to detect trade preferences and dispreferences

between the US and its trading partners. Their �ndings supported the application of PMI

method and inspired subsequent research in this �eld. An et al. (2018) provided a comparative

analysis of global oil trade dependency before and after the drop of oil prices in 2014. Wang

et al. (2022) expanded beyond the oil industry by including coal and natural in the analysis.

Both studies validated the accuracy of PMI method in quantifying trade interdependency and

motivated further investigation into its associated in�uencing factors, such as production

adjustment, political relationships, etc. Additionally, An et al. (2018) and Wang et al. (2022) both

integrated CNA and PMI methods to perform a long-term evolution analysis of dependency

networks, contributing to a comprehensive understanding of the international trade system

adjustments over time.

It is noteworthy that there remains limited research devoted to the global P trade network (PTN).

In recent years, this particular market has become increasingly complex and fragile owing to

the impacts of geopolitical risks and price �uctuations. Speci�cally, the recent Russia-Ukraine

con�ict has been identi�ed as primary culprit for surging fertilizer prices and threatening global

food security. A few notable studies have explored the PTN. For instance, Gutiérrez-Moya et al.
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(2023) conducted a CNA of global fertilizer trade during the years of 2014-2018 to discern the

impacts of COVID-19 pandemic. Their �ndings show that “this trade network is characterized

as a small-world network with scale-free properties, revealing a high level of reciprocity and

centralisation”. Chen and Chen (2023) integrated the CNA with information-based ecological

network analysis to evaluate the evolution and resilience of global PTN from 1990 to 2020.

Similar to Gutiérrez-Moya et al. (2023), they found that a subset of countries plays crucial

role in in�uencing the entire PTN connectivity structure and resilience, implying that any

instability in these countries could induce trade risks and resource con�icts. At the same time,

these countries hold strategic positions of ensuring P security by diversifying trade paths and

strengthening collective actions with resource-dependent countries. Following this line of

research, Li et al. (2023) applied CNA to analyze various PTN features and identify high-risk

countries. They also proposed a quantitative evaluation index of the trade to assess the supply

risk for different countries over time.

In summary, point-wise mutual information and complex network method have been em-

ployed to study trade �ows of diverse materials, especially the fossil fuels sector. Yet, to our

best knowledge, the information regarding the global Phosphorus and Nitrogen fertilizer trade

markets has remained relatively limited. We aim to �ll this research gap by: (1) constructing

the PMI dependency networks between 2002 and 2022 for the global P and N fertilizer markets

using complex network method, and (2) analyzing the evolution of community structure and

identify in�uential countries within the trade networks.

3.3 Data and Methods

3.3.1 Data Source and Pre-processing

This empirical analysis used annual bilateral trade �ow of P and N fertilizers, sourced from the

UN Comtrade database (comtradeplus.un.org). UN Comtrade is an authoritative, wide-scope

database, encompassing all point-to-point export and import �ows among 226 countries. The

selected data pertains to HS codes 3102 and 3103, entailing trade information related to mineral

and chemical N and P fertilizers across various countries and regions, respectively. Each record

consists of importer, exporter, and trade volume reported in kilograms (by year). The study's

temporal scale spans from 2002 to 2022, with the entire timeline divided into �ve smaller

segments to discern any changes in the trade network structure. Accordingly, �ve networks

were constructed for the years: 2002, 2007, 2012, 2017, and 2022. In this paper, country names

and their three letter ISO 3166-1 codes are used interchangeably.
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The UN Comtrade database, while comprehensive, is not without limitations. One notable

issue is the presence of data discrepancies between importing and exporting countries. For

example, in 2020, China reported exporting 54,349 kg of P fertilizers to the US, whereas the US

reported importing only 344,730 kg of P fertilizers from China. Similar issue was observed in

N fertilizer trade data, such as in 2015 when Indonesia reported exporting 60,170,457 kg of N

fertilizer to Vietnam, while Vietnam reported importing a total of 66,069,361 kg from Indonesia.

According to UN Comtrade, this discrepency is attributed to the fact that imports are recorded

CIF (cost insurance and freight) while exports are FOB (free on board). To address this issue,

we merged the importing and exporting data into a complete bilateral trade �ow dataset and

retained the maximum trade volume for any duplicate records, a common approach used in

previous research relying on the UN Comtrade database.

Another concern is the presence of entries labeled as “other areas” or “world”. Since this

study speci�cally focused on point-to-point trade relationships among countries, any trade

�ows associated with unknown countries were excluded. The fraction of trade �ow attributed

to unknown reporters in the total dataset is approximately 0.2%. Moreover, it is essential to

recognize that trade �ow data may not be consistently available for all countries throughout the

study period. Some countries may report trade activity in certain years but not in subsequent

years, creating potential gaps and limitations in conducting a comprehensive analysis of the

trade network over time.

3.3.2 Point-wise Mutual Information (PMI)

The PMI method was �rst employed within the �eld of linguistics to quantify the co-occurrences

and semantic similarities in a given text corpus (Church and Hanks 1990; Han et al. 2012). By

comparing the probability of encountering the word X and the word Y (referred to as joint

probability) to the probability of encountering the word X and the word Y independently, PMI

can effectively detect collocations. In details, for random variables X and Y with X = u and

Y = v , PMI can be de�ned as follows:

pmi (X = u ,Y = v ) = log
p (X = u ,Y = v )

p (X = u )p (Y = v )
(3.1)

The PMI is positive when the joint probability is greater than what would be expected if the two

variables were independent, negative when the joint probability is smaller than what would

be expected if the two variables were independent, and zero when X and Y are independent.
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As mentioned previously, Kharrazi and Fath (2016) shed light in applying the PMI method to

the domain of trade dependency analysis. Their �ndings underscored the enhanced accuracy

of PMI in quantifying the interdependence between trading countries at pairwise level, in

contrast to relying solely on actual import and export volumes. A positive or negative PMI

value can also be indicative of reciprocal preferences or dis-preferences of two countries in a

complex trade network. In this study, the PMI between country i and country j can be de�ned

as follows:

PMI i j = log

�
Ti j T..

Ti .T. j

�

(3.2)

Where Ti j is the fertilizer trade �ow from country i to country j ; Ti . is the sum of all fertilizer

export volume �ows out of i into all j ; T. j is the sum of all fertilizer import volumes into j from i;

and T.. is the total sum of trade �ows in the network. A positive PMI of a pair of trading countries

indicates that the actual trade volume of country i and country j is greater than what would be

statistically expected from a neutral dependency model. Conversely, a negative PMI signi�es

the opposite and implies a propensity for country i to avoid forming trading partnership with

country j.

3.3.3 Complex Network Method

To study the trade interdependency on a system-wide scale, the global P and N fertilizer trade

networks were interpreted using directed weighted complex networks, which consist of both

the direction and the intensity of trade relations. As substantiated by numerous research cited

earlier, the complex network method has emerged as an effective analytical framework for de-

structing dynamic features of nodes, of the network structure, of tangled pairwise relationships,

and of systematic evolution of global trade system. In our model, the nodes depict countries;

the edges are trade relationships; the directions of the edges are the directions of trade �ows

(import or export); and the weights of edges are the value of trade dependency degree (Eq.

3.3). Data from one year form a single complex network; hence, our study includes a total of

40 networks for both P and N fertilizer markets during the temporal scale of 2002 and 2022.

In order to ensure the positive value of every edge weight, we adjusted PMI values using the

following equation:

w i j =
PMI i j � Min (PMI ..)

Max(PMI ..) � Min (PMI ..)
(3.3)

Where Min(PMI ..) denotes the minimum value of PMI, and Max(PMI ..) is the maximum value

of PMI in the network.
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Trade Network Characteristics

To examine the overarching changes in the fertilizer trade networks spanning the last two

decades, several parameters were computed. In this study, a total of 9 parameters were selected

to perform a quantitative long time series evolution analysis of the network structure: the

number of nodes, the number of edges, average degree ,maximum in-degree, maximum out-

degree, network density, clustering coef�cient, eigenvector centrality, and average path length.

A breakdown of these parameters, including detailed description and their corresponding

equations are listed in Table 3.1.

Table 3.1: Indicators for trade network characteristics.

Indicator Indicator description Calculation formula

Nodes (N) Total number of countries in the network. N

Edges (E) Total number of trade links in the network. E

Average node

degree (ka v g )

Average number of edges per node in the network. 2E
N

Maximum

in-degree

Max(k i n )

The highest number of incoming edges received by any

individual node, where a i j = 1 denotes that a trade link

between country i and j exists. Otherwise, a i j = 0.

Max(k i n
i =

P N
j =1 a i j )

Maximum

out-degree

Max(ko ut )

The highest number of outgoing edges initiated by any

individual node.

Max(k o ut
i =

P N
j =1 a i j )

Network

density (D)

The ratio between the actual edges of the network and

the maximum possible number of edges in the network.

D = E
N (N � 1)

Clustering

coef�cient

(CCF)

The average of the local clustering coef�cients, which

quanti�es how close its neighbors are to form a clique,

where k i is the number of neighbors of node i, Ei is the

actual number of edges between k i neighbors of node

i.

C C = 1
N

P N
i =1

2Ei
k i (k i � 1)

Eigenvector

centrality

(EC)

The distance from the target country to the importing

countries in the network, where � is a constant; Ni is

the set of nodes relating to i; and w i j is the total weight

from i to j.

E Ci = 1
�

P
j 2Ni

w i j E Ci
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Table 3.1: (continued).

Average path

length (L)

The average number of steps along the shortest paths

for all possible pairs of network nodes, where d i j is the

length of the shortest path that exists between nodes i

and j.

L = 1
N (N � 1)

P
i > j d i j

Previous literature has suggested that global commodity trade networks often adhere to a

power law distribution (An et al. 2018; Zhong et al. 2016; Fagiolo et al. 2009; Garlaschelli and

Loffredo 2004; Serrano and Boguná 2003). This signi�es that a small subset of countries may

hold paramount importance while the majority of other countries possess minimal in�uence

on the entire network. As these core nations disproportionately impact global supply chains,

market accessibility, and overall network stability, the identi�cation of such key players offers

invaluable insights into potential chokepoints, vulnerabilities, and opportunities (Chen and

Chen 2023; Gutiérrez-Moya et al. 2023). Additionally, such information provides a lens through

which economic interdependence and potential cascading effects can be evaluated, contribut-

ing to more informed and resilient international trade strategies. Hence, �ve indicators were

chosen to identify important nodes in each trade network. These indicators have been com-

monly used in prior research (An et al. 2018; Gutiérrez-Moya et al. 2023; Chen and Chen 2023;

Dong et al. 2022). By assessing both the number of direct trade partnerships and the extent to

which a country functions as a bridge between other countries, these metrics are indicative of

the relevance of an economy on the global trade network. Detailed descriptions and equations

can be found in the Table 3.3.

Table 3.3: Indicators for identifying important countries.

Indicator Indicator description Calculation formula

Weighted
in-degree

Sum of the import dependency between country i
and all other countries connected to it, where w i j

is calculated using Equation 3.3.

si n
i =

P N
j w i j

Weighted
out-degree

Sum of the export dependency between country i
and all other countries connected to it.

so ut
i =

P N
j w i j

In-degree The number of incoming trade relations country i
has with other countries, where a i j = 1 if there is a
trade relationship between country i and j; other-
wise, a i j = 0.

k i n
i =

P N
j a i j
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Table 3.3: (continued).

Out-degree The number of outgoing trade relations country i
has with other countries.

k o ut
i =

P N
j a i j

Betweenness
centrality

Number of the shortest paths passing through a
country, showing the degree to which a country
controls relationships between other countries.
pi j is the number of shortest paths between any
two countries i and j; and p(m )i j is the number of
paths passing through country m in all shortest
path.

g(m )i j =
P

i j
p(m )i j

pi j

Community Detection

As stated previously, the international fertilizer trade network can be interpreted using complex

network methodology, with nodes denoting countries and edges representing trade relations.

This network inherently represents a subset of countries intertwined by trading relationships.

Hence, it share attributes with the sociological de�nition of a community, wherein a community

is a node group that is densely connected internally but sparsely connected externally (Radicchi

et al. 2004; Zhong et al. 2014). In addition, communities within trade networks tend to evolve

over time, and are vulnerable to external events such as COVID-19 pandemic, Global Financial

Crisis, and Russia-Ukraine war (Gutiérrez-Moya et al. 2023; Zhong et al. 2014). Therefore, we

applied CNA to detect communities within which countries exhibit stronger interdependence

in fertilizer trade. We employed the community classi�cation algorithm developed by Blondel

et al. (2008). This algorithm is based on a parameter called modularity, which gauges the density

of links within communities in contrast to links between communities. It is a scalar value falling

within the range of -1 to 1. Modularity is de�ned as:

Q =
1

2m

X

i j

•
w i j �

Ai A j

2m

˜
� (ci , c j ) (3.4)

Where w i j is the weight of edge between node i and j ; Ai =
P

j w i j is the sum of weights of

edges attached to node i ; ci is the community where node i is assigned; the � function � (ci , c j )

is 1 if ci = c j and 0 otherwise; m = 1
2

P
i j w i j .

The trade community detection process consists of two phases. First, each node i is considered

as a community. Then, for node i , the algorithm evaluates the gain of modularity 4 Q when

node i is placed into its neighboring community j . Considering every neighboring community

of node i , if the gain is not positive, i stays in its original community; and if the gain is positive,
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i joins the one with maximum 4 Q. This process is carried out repeatedly and sequentially for

all nodes until no further improvement can be achieved, and then the �rst phase is ended. The

gain of modularity 4 Q is de�ned as follows:

4 Q =

–P
Ci n + Ai ,i n

2m
�

� P
t o t + Ai

2m

� 2™

�

–P
in

2m
�

� P
t o t

2m

� 2

�
•

Ai

2m

‹ 2
™

(3.5)

Where
P

Ci n is the sum of weights of all links inside community C;
P

t o t is the sum of weights

of the links incident to all nodes in community C; Ai is the sum of weights of the links incident

to i ; Ai ,i n is the sum of weights of the links from i to all nodes in C, and m is the sum of weights

of all links in the networks.

In the second phase, the algorithm constructs a new network whose nodes are the communities

identi�ed from the �rst phase. The weights of the links between the nodes are the sum of weights

of the links between nodes in the corresponding two communities. Links between nodes within

the same community result in self-loops within the newly formed network. Once the second

phase is completed, the algorithm reverts to its �rst phase, which is reapplied to the resulting

network. This processes is repeated iteratively, and the two phases are repeated until no further

alterations are observed, resulting in the maximum modularity.

3.4 Empirical Results

3.4.1 Evolution of Network Characteristics

Table 3.4 presents the network characteristics of the global N fertilizer trade networks for the

years 2002 and 2022. Despite the number of participating countries remaining relatively stable,

a notable expansion is evident in the number of trade links, growing from 2785 in 2002 to

3547 in 2022. This increase, combined with a 14% decrease in average path length, signi�es a

substantial enhancement in global trade partnerships and the establishment of more direct

trade routes during the study period. Furthermore, the average degree, rising from 25 to 33,

in conjunction with a 36% increase in network density, implies a growing trend of trade path

diversi�cation within the network. Trade diversity can not only enable countries to maintain

stable supply sources but also enhance cross-border cooperation and reciprocity, thereby

helping to mitigate resource con�icts (Bodin and Crona 2009). Collectively, these indicators

suggest the participating countries within N fertilizer networks have grown closer to their trade

partners, resulting in a more tightly knit, centralized, and ef�cient network.

In comparison to the N fertilizer networks, the global trade of P fertilizers is less extensive,
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Table 3.4: Topological features of Nitrogen fertilizer trade network from 2002 to 2022.

Year E N kavg k in kout D CCF EC L

2002 2785 221 25 55 115 0.057 0.400 0.245 2.618
2003 2717 213 25 61 114 0.060 0.397 0.233 2.527
2004 2809 212 26 56 117 0.063 0.397 0.263 2.641
2005 2900 218 27 59 117 0.061 0.404 0.252 2.482
2006 2940 214 27 56 119 0.064 0.401 0.272 2.630
2007 2997 217 28 56 131 0.064 0.398 0.276 2.519
2008 3260 223 29 51 126 0.066 0.418 0.307 2.511
2009 3311 214 31 53 134 0.073 0.421 0.328 2.541
2010 3470 219 32 58 139 0.073 0.424 0.308 2.457
2011 3569 219 33 57 141 0.075 0.433 0.317 2.516
2012 3632 217 33 58 140 0.077 0.433 0.315 2.462
2013 3717 210 35 60 151 0.085 0.436 0.325 2.366
2014 3700 215 34 61 160 0.080 0.427 0.321 2.486
2015 3704 220 34 61 159 0.077 0.430 0.307 2.462
2016 3836 221 35 60 163 0.079 0.430 0.334 2.331
2017 3998 218 37 63 167 0.085 0.439 0.325 2.341
2018 3987 222 36 63 167 0.081 0.442 0.326 2.477
2019 3981 219 36 58 161 0.083 0.445 0.336 2.399
2020 3891 220 35 57 161 0.081 0.443 0.338 2.383
2021 3912 214 36 59 150 0.086 0.439 0.348 2.427
2022 3547 214 33 65 138 0.078 0.437 0.301 2.290

characterized by the numbers of trade links and participating countries �uctuating around 800

and 180, respectively. This network also demonstrates a relatively lower degree of trade path

diversity at both global and national levels. On the global scale, we can observe a consistent in-

crease in the number of trading countries since 2002, peaking in 2013, followed by a signi�cant

decline in subsequent years (3.5). According to Li et al. (2023), the gradual decrease since 2014

might result from the realization of P reserve scarcity and the subsequent trade restrictions

imposed by China and the US. In addition, the network density has remained comparatively

small in comparison to the N networks and has not shown a signi�cant surge during the study

period, implying a low level of connectedness of trade relations within the entire network. At

the national level, the P fertilizer network involves on average 8 and 9 trading partners per

country between 2002 and 2022 (i.e., average node degree), respectively. In general, it can be

concluded that the P trade network is looser and less diverse, making it less resilient to supply

risks.

Regarding the connectivity structure, the P fertilizer networks exhibit an overall higher average
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path length and smaller network clustering coef�cient. In 2022, the average path length of P

fertilizer network was 2.928 (re�ecting a 7% decrease between 2002 and 2022), whereas the N

fertilizer network's average path length was 2.29 (re�ecting a 14% decrease between 2002 and

2022). This �nding implies that the P fertilizer network has a lower levels of connectedness and

ef�ciency, with trading countries disperse more widely throughout the entire network. Another

notable observation is that the eigenvector centrality is smaller in P networks (decreasing from

0.215 to 0.128) than that in the N networks (increasing from 0.245 to 0.301). This indicates that,

on average, the in�uence of a single country on the entire N fertilizer trade network has grown

stronger over years; however, the high level of path diversity in N fertilizer network can help

reduce any supply shocks emanating from the core countries.

Table 3.5: Topological features of Phosphorus fertilizer trade network from 2002 to 2022.

Year E N kavg k in kout D CCF EC L

2002 746 175 8 21 48 0.024 0.234 0.215 3.151
2003 851 182 9 23 47 0.026 0.249 0.189 3.120
2004 860 182 9 21 48 0.026 0.232 0.195 3.309
2005 881 178 10 20 48 0.028 0.242 0.199 3.024
2006 882 185 10 21 51 0.026 0.250 0.203 3.034
2007 922 188 10 20 59 0.026 0.244 0.231 3.105
2008 989 186 11 22 69 0.029 0.255 0.234 2.937
2009 922 187 10 23 62 0.027 0.240 0.196 2.948
2010 954 187 10 25 66 0.027 0.246 0.229 2.931
2011 981 185 11 23 72 0.029 0.232 0.228 2.892
2012 1000 191 10 26 66 0.028 0.245 0.212 3.067
2013 998 197 10 24 70 0.026 0.234 0.214 3.060
2014 1006 196 10 24 75 0.026 0.247 0.223 2.961
2015 1040 193 11 32 78 0.028 0.240 0.171 2.983
2016 1038 194 11 24 80 0.028 0.250 0.228 3.043
2017 1052 192 11 27 67 0.029 0.251 0.179 2.835
2018 1019 190 11 26 65 0.028 0.245 0.187 2.902
2019 1044 190 11 28 77 0.029 0.257 0.192 2.894
2020 987 186 11 26 76 0.029 0.257 0.196 3.023
2021 918 175 10 28 58 0.030 0.257 0.163 3.023
2022 722 169 9 32 58 0.025 0.238 0.128 2.928

3.4.2 Important Nodes

Figures 3.1 and 3.2 present a linear regression �t on logarithmic scale, with x-axis showing

the number of trade partners and y-axis showing the corresponding frequency. The results
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indicate that the trade relationships in both fertilizer networks, i.e., Nitrogen (Figure 3.1) and

Phosphorus (Figure 3.2), of each year follow a power-law distribution. This suggests that a

small subset of countries own a signi�cantly high number of trade partners, while the majority

of other countries engage in a few trade relations. Countries in these major hubs are often

economic powers, such as China, USA, Russia, Belarus, etc.,. They often have substantial

advantages in terms of resource endowment or production capacity. Hence, they are more

resilient in the face of resource constraints and have more backup measures to ensure resource

security. This is evidenced by Morocco's massive production capacity to sustain the global food

system (Tanchum 2022), and China's and USA's ability to secure domestic fertilizer demands in

the context of rising fertilizer prices and disrupted trade �ows (Jones and Nti 2022). In contrast,

countries with limited trade relations are more susceptible to supply chain disruptions (Chen

and Chen 2023). Overall, such �ndings underscore a consistent pattern in the fertilizer trade

dynamics over time and highlight the presence of in�uential trading hubs within the fertilizer

markets. Since major trading hubs wield dominant signi�cance within the global fertilizer

trade landscape, any changes in their import and export patterns can expose the entire trade

system to idiosyncratic risks (Zhang et al. 2021a; Sun et al. 2022; Hebebrand and Glauber 2023).

(2002) (2012) (2022)

Figure 3.1: Nitrogen - Power law distribution of the number of trade partners.

Table 3.6 unveils the leading 10 countries in the N fertilizer market, identi�ed by each of the

indicators. In general, dominant players in both import and export networks are primarily

from Asia, North America, and Europe. In terms of the in-degree, which signi�es a country's

in�uential role in the import network, the United States and France emerged as prominent

players during the period of 2002 and 2017, with average weighted in-degree values of 24.67

and 22.91, respectively. These numbers underscore the dependence of numerous countries

on these two markets as their primary export destinations. A signi�cant shift unfolded in

2022, when the Netherlands surpassed France and the US, registering the highest weighted

in-degree of 26.09. Despite the Netherlands' actual import volumes not being substantially
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(2002) (2012) (2022)

Figure 3.2: Phosphorus - Power law distribution of the number of trade partners.

high in that year compared to other countries, its elevated in�ow dependency degree indicate

an increasingly central status within the global trade system. In 2022, Spain also emerged as a

core importer, with weighted in-degree increasing by 55%, from 16.59 to 25.78, over the past 20

years. Another pivotal observation is the inclusion of India among the 10 core importers for the

�rst time in 2022. This is indicative of India's growing prominence in the global fertilizer trade

market, and also re�ects the country's adaptive strategies in response to the uncertainties in

supply chains (Randive et al. 2021). In details, as an agrarian country, India has long been a

major import-dependent nation within the fertilizer industry. Over the years, it has cultivated

enduring partnerships with countries such as China, Oman, the United Arab Emirates, and

Ukraine. However, since 2021, India has been proactively seeking to diversify its supply sources

by forging new trade alliances with mineral-rich nations like Morocco and Egypt (Sharma and

Prasad 2022). This strategic move aims not only to mitigate supply shocks but also to safeguard

its farming sector from the challenges posed by volatile price surges.

Regarding the export market, Russia, Belarus, and France were notable exporters during the

years of 2002 to 2007. However, since 2012, China has taken the lead in the export market with

average weighted out-degree of 57.1, followed by Belarus, France, Russia, and Germany. With

the ongoing con�ict between Russia and Ukraine, the overwhelming power Russia and Belarus

hold over the N fertilizer export market has complicated the global supply chain in various

ways. First, as parts of national efforts to secure domestic food production, Russia's export

quotas, in effect from January to May 2022, signi�cantly curtailed the availability of N-based

fertilizers (GroIntelligence 2022). In response, many import-dependent partners sought al-

ternative exporters to either mitigate supply risks or be cautious of geopolitical perspectives,

ultimately leading to abrupt changes in international trading dynamics. For example, roughly

one-�fth of Brazil's N-based fertilizer imports originate from Russia. In response to the supply

bottlenecks, Brazil has relied on China, the US, and Canada to secure fertilizer �ows (Colussi
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et al. 2022). The government has also initiated a National Fertilizer Plan, aimed at bolstering

domestic fertilizer production and diminishing the nation's reliance on imports (Samora and

Mano 2022). While the central positions of the Netherlands and Germany have progressively

forti�ed over the past two decades, their rankings in 2022 should be taken with circumspection.

This is because Russia and Belarus stopped reporting their trade data in February 2022, creating

an information gap that potentially distorts the current observation.

According to betweenness centrality, United States and France asserted the greatest control

over interactions between among other countries within the trade network from 2002 to 2012.

This result is in line with expectations, given their active involvement in both import and

export markets. In 2017, Canada and China followed as the second and third-ranking trade

partners, although this trend was transient. By 2022, the landscape shifted, with the Netherlands,

South Africa, and the United States emerging as prominent players. South Africa also shows a

consistent increase in betweenness centrality over the past two decades, denoting its status as

a pivotal "trader" within the global trade network.

Table 3.6: Nitrogen - Top 10 core countries.

Year
Rank - Based on weighted in-degree

1 2 3 4 5 6 7 8 9 10

2002 USA FRA AUS MYS ITA ESP GBR DEU THA CAN
2007 USA FRA BRA ITA ESP GRC MYS ZAF AUS DEU
2012 FRA USA MYS CAN AUS ITA ESP ZAF TUR BRA
2017 USA CAN FRA ESP BRA ZAF NLD MYS TUR DEU
2022 NLD FRA ESP USA POL DEU ITA TUR IND GBR

Year
Rank - Based on unweighted in-degree

1 2 3 4 5 6 7 8 9 10

2002 USA FRA AUS MYS ITA GBR ESP DEU THA BRA
2007 USA FRA BRA ITA ESP ZAF IND TUR DEU AUS
2012 FRA USA CAN IND ESP AUS ZAF MYS ITA BRA
2017 USA CAN FRA ESP BRA DEU ZAF NLD TUR GBR
2022 FRA NLD USA ESP TUR IND DEU POL ITA GBR

Year
Rank - Based on weighted out-degree

1 2 3 4 5 6 7 8 9 10

2002 RUS BEL FRA NLD DEU USA ZAF GBR UKR ITA
2007 BEL FRA DEU GBR RUS CHN NLD USA NOR ITA
2012 CHN BEL DEU RUS USA FRA NLD GBR ITA ESP
2017 CHN FRA RUS DEU NLD BEL ESP USA ITA GBR
2022 CHN NLD DEU ESP BEL GBR USA ITA FRA POL
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Table 3.6: (continued).

Year
Rank - Based on unweighted out-degree

1 2 3 4 5 6 7 8 9 10

2002 BEL RUS NLD DEU FRA USA GBR ITA ZAF UKR
2007 BEL DEU CHN FRA NLD GBR USA RUS NOR ITA
2012 CHN DEU BEL USA NLD RUS FRA GBR ESP ITA
2017 CHN DEU NLD BEL FRA ESP RUS USA GBR ITA
2022 CHN NLD DEU BEL ESP FRA USA GBR ITA POL

Year
Rank - Based on betweenness centrality

1 2 3 4 5 6 7 8 9 10

2002 FRA USA ZAF ITA ESP BFA DEU AUS NLD NZL
2007 USA FRA ZAF BEL IND CHN ESP GBR NGA DEU
2012 USA FRA ZAF CHN GBR ESP IND CAN BEL AUS
2017 USA CAN CHN ZAF ESP FRA IND NLD RUS DEU
2022 NLD ZAF USA FRA ESP CHN DEU TUR IND BRA

In the P fertilizer trade market, the in-degree centrality rankings reveal a more dynamic pattern.

Notably, established economic powers like USA and France maintained in�uential positions

(average weighted in-degree 8.55 and 8.51) throughout the study period. Between 2007 and

2017, during which the economy experienced post-�nancial crisis recovery and increasing

globalization, the trade network inevitably showed some major �uctuations. Malaysia's rise

as an importing hub aligned with intensi�ed agricultural practices, particularly in industries

such as palm oil production. Hungary and the United Arab Emirates' growing centrality also

signaled their strategic positioning within the fertilizer supply chains of Europe and the Middle

East.

In the export market, the United States and China have maintained a consistent lead, with

average weighted out-degree of 26 and 25.07, respectively. However, the in�uential standing of

China underwent a signi�cant decline in 2022, re�ecting their P exports restriction announced

in September 2021 (Barich 2022). As a major P fertilizer exporter over the past two decades,

this action has not only exacerbated supply risks to vulnerable fertilizer markets but has also

altered the trading patterns, particularly within the Asia-Paci�c region (Barich 2022). In ad-

dition, Morocco and Egypt have both ascended to major exporters since 2012. Morocco, in

particular, has hold a paramount role in supplying suf�cient P fertilizers to numerous major

economies, owing to the discovery of signi�cant P resources in 2009 (Chen and Chen 2023). For

instance, Morocco supplies approximately 54% of P fertilizers to African countries due to the

intra-African trade relationships bene�ting from geographical proximity and shared regional

trade agreements. Moreover, amid the ongoing Russia-Ukraine con�ict, Morocco has played
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a vital role in bridging supply gaps for countries such as India, Brazil, and various European

countries (Pangea-Risk 2022; Chaudhury 2023). Egypt, on the other hand, has been continu-

ously expanding its domestic production and export of P-based fertilizers. As the international

P landscape undergoes transformation, marked by declining U.S. production and the depletion

of American mines, Egypt has seized opportunities to export P fertilizers to countries such as

Brazil, Uruguay, and the US, as well as the sub-Saharan Africa and MENA regions (Enterprise

2021).

As evident from the betweenness centrality, China's in�uence over other trade relations re-

mained less pronounced than that of the United States, albeit sustaining a substantial number

of global trade partnerships. Except for the United States, the central status of other nations

in determining connections within the P trade networks has exhibited considerable volatility

during the last 20 years. The Netherlands' central stature has also gained prominence in recent

years, characterized by a high degree of betweenness centrality attributed to its diverse range of

export destinations. Although consistently ranked among the top 10 leading exporters, Belarus

has shown a decrease in outgoing trade dependency over the years, and its power in shaping

other trade relations remains insigni�cant.

Table 3.7: Phosphorus - Top 10 core countries.

Year
Rank - Based on weighted in-degree

1 2 3 4 5 6 7 8 9 10

2002 FRA USA ESP MYS DEU AUS IDN GBR BRA MAR
2007 KWT MYS YEM DEU ARE USA FRA ESP AUS QAT
2012 MYS USA FRA ARE GUY HUN ROU DEU BRA UGA
2017 HUN MYS FRA NLD ESP ROU GRC CZE ITA PER
2022 NLD ROU USA ESP SVK POL URY DEU FRA CZE

Year
Rank - Based on unweighted in-degree

1 2 3 4 5 6 7 8 9 10

2002 FRA USA IDN DEU ESP MYS AUS GBR ITA BRA
2007 MYS KOR FRA DEU USA ESP YEM GBR ARE AUS
2012 USA FRA MYS ARE DEU GUY BRA KOR ROU HUN
2017 NLD FRA HUN MYS ESP ROU GRC ITA BRA URY
2022 NLD USA ROU ESP DEU POL BRA URY FRA CZE
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Table 3.7: (continued).

Year
Rank - Based on weighted out-degree

1 2 3 4 5 6 7 8 9 10

2002 USA CHN ITA BEL ISR NLD DEU FRA ZAF TUN
2007 CHN USA ESP NLD ITA EGY DEU BEL GBR FRA
2012 CHN USA NLD ITA EGY ESP DEU GBR FRA MAR
2017 USA CHN ESP NLD GBR MAR ITA EGY JOR FRA
2022 USA NLD EGY MAR ESP ITA CHN FRA DEU BEL

Year
Rank - Based on unweighted out-degree

1 2 3 4 5 6 7 8 9 10

2002 USA CHN NLD ITA ISR BEL DEU FRA ZAF TUN
2007 CHN USA NLD ITA EGY ESP DEU BEL ISR GBR
2012 CHN USA ESP NLD EGY ITA DEU GBR MAR FRA
2017 CHN USA NLD ESP MAR EGY GBR ITA BEL FRA
2022 USA NLD EGY MAR ESP ITA CHN FRA DEU BEL

Year
Rank - Based on betweenness centrality

1 2 3 4 5 6 7 8 9 10

2002 USA DEU FRA ITA NLD BEL GBR DOM CHN AUS
2007 ESP USA NLD ITA CHN DEU BEL CHL FRA AUT
2012 USA FRA ZAF DEU ARE CHN MYS ESP GBR IDN
2017 USA ESP NLD CHN ZAF FRA MYS ITA IDN GBR
2022 USA NLD ESP ROU ITA DEU ZAF MAR CHN EGY

3.4.3 Evolution of Community Structure

As depicted in Figure 3.3a, the year 2002 indicates the identi�cation of six distinct communi-

ties within the global N fertilizer trade dependency network. The largest cluster (displayed in

purple) includes major importers across Europe (Germany, Spain, the Netherlands) and North

America (USA and Canada). The following community (in green) prominently encompasses

Asian nations, with China, India, Thailand, and Indonesia emerge as pivotal members. The

third largest community (in blue) exhibit a con�uence of Asian and European countries. This

observation is substantiated by the fact that Russia and Ukraine are both top-rank N fertilizer

exporters at the global level.

Between 2007 and 2012, the number of communities decreased to �ve, accompanied by no-

table migration patterns among key nations (Figure b,c). Notably, many African nations left

their original cluster to join the Asian cluster in 2007, culminating in the largest community

with China and South Africa as key trade counterparts. Also in this year, major North America

countries left the largest trading hub and formed a new community together with limited

connections with European partners. In 2012, Ukraine and Russia repositioned themselves
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within the European-African community, augmenting its central status alongside established

players like Germany, the Netherlands, and Spain. Although internal trade interactions showed

no discernible changes since 2007, the USA-led cluster exhibits a notable dispersion in 2012.

The scattered distribution of nodes sharing similar color are indicative of the formation of

potential new trade af�liations, and these nodes play a vital role in facilitating interactions

between externally disconnected groups. Another prominent change during this period is the

discernible decrease in pairwise dependency levels, as evinced by the network map character-

ized by fewer densely interwoven trade links.

Since 2017, a reduction in the number of communities to four signi�es a trend of increasing

homogeneity in trading alliances across distinct groups. During the year of 2017, no signi�cant

shifts are observed within the global dependency network (Figure 3.3d). The Asian-African

cluster reasserts its position as the most prominent hub; the South and North American cluster

(depicted in orange) maintain stable partnerships while evincing a tendency for expanding

trade diversi�cation; Major market players - Spain, Russia, Morocco - diverge from their original

European-centric cluster to align with the smallest trading hub, wherein France and Belgium

persistently emerge as primary driving forces within their trade cluster.

In the year 2022, the N fertilizer network shows an increase in the number of bilateral trade

dependencies, clearly evidenced by densely interwoven dark-hued trade links (Figure 3.3e).

Further accentuating the transformative nature of this year is the migration patterns of core

countries, underscoring a marked alteration in the interdependency and connectivity within

the trade network. The largest cluster includes countries from diverse regions, such as India

(Asia), Germany, the Netherlands, Belgium (Europe), as well as Morocco and South Africa

(Africa). Given the antecedent association of these countries with distinct trading hubs in

the pre-2022 period, these changes in trading patterns signal a growing trajectory towards

globalization. However, it is pertinent to note that despite comprising the most substantial

trading hub, the countries within this cluster maintain a relatively small number of trading

partners. This is substantiated by the presence of a small subset of nodes that persist within

the network, a result of applying a �lter to exclude nodes with a degree of less than �ve. The

European community continues to hold its stature as the second-largest trading hub, with

each constituent country demonstrating a gradual increase in its total degree. Russia and

France transitioned from the smallest community identi�ed in 2017 and replaced Germany as

the driving forces of this community. With the departure of a variety of African nations, the

China-led trading hub descended to become the smallest community, encompassing trade

connections predominantly within the Asian region.
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In summary, the community structure of the N fertilizer trade market has undergone notable

shifts over the past two decades. The modularity metric serves as a measure of the quality of

community partitioning (Zhong et al. 2014). Complementing the observed reduction in the

number of communities over time, the subtle yet consistent decline in modularity signi�es

that in the past 20 years, the connections between countries within the global N fertilizer trade

have grown closer and the divisions between communities have become less distinct (Table

3.8). This observation could also be seen as an indication of escalating globalization, emerging

from more collaborative trade networks wherein countries strive to diversify trade to sustain

the global fertilizer supply chain. Moreover, excluding the year 2002, the trade dependency

networks in subsequent years demonstrate a trend towards equilibrium in the distribution of

countries within each community.

Table 3.8: Nitrogen - Evolution of community structure.

Metrics
Community Structure

2002 2007 2012 2017 2022

Number of communities 6 5 5 4 4
Modularity 0.266 0.259 0.232 0.230 0.206
Number of countries 56,47,38,37,27,15 77,45,37,29,28 74,67,43,28,5 77,55,46,40 69,57,51,37

It is evident that, when compared to the N networks, the P networks demonstrate an overar-

ching pattern of fewer trade networks and participating nations during the studied period.

However, the partitioning of communities appears to be more pronounced, as underscored

by the modularity being twice as high as that observed in the N networks (Table 3.9). This

implies that the interdependence within the P networks is concentrated within a small subset

of trade relations. Nonetheless, the �ndings also reveal a trend toward increasing globalization

in recent years. Modularity has shown a consistent downward trend over the past two decades,

with the exception of the year 2012.

During the studied period, we can observe that the Asia-Paci�c cluster has maintained stable

trade alliances among regional partners. Nodes within this cluster are consistently concen-

trated in the community structure map, indicating robust internal connectivity while exhibiting

limited interactions with external markets. Since 2017, the China-led cluster has undergone

substantial expansion, culminating in its integration into the USA-led cluster by 2022, thereby

establishing the largest community (Figure 3.3g,h). Beyond the enduring long-term trade al-

liances among North American and Asian markets, this trading hub has expanded its reach to

include Middle Eastern, Central, and South American countries.
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Another noteworthy observation is the increasing interdependence among countries within the

European cluster, with France, Germany, the Netherlands, and Belgium emerging as dominant

markets. As illustrated in Figure 3.3i, some of the highest levels of bilateral dependency are

evident within this community, exempli�ed by partnerships such as Sweden-Norway, Croatia-

Bosnia Herzegovina, and Cyprus-Greece. In 2017, this trading hub display a heightened inter-

connectedness, marked by a growing number trade links exceeding 0.5. These �ndings re�ect a

notable expansion and transformation within the European P trade network. Numerous factors

were attributed to this evolution. First, there was an increased demand for P-based fertilizers

in European agriculture to ensure a reliable food supply chain, which in turn stimulated

increased trade activities within the region. Additionally, the process of agricultural market

liberation in some European countries encouraged trade and fostered competition in the

fertilizer market. Furthermore, in 2017, the European P trade network expanded its reach,

as indicated by the emergence of blue-colored trading hubs. This community encompassed

countries such as Jordan, Egypt, India, Saudi Arabia, Qatar, Tunisia, which were previously

associated with distinct clusters. This shift underscores European countries' efforts to diversify

their sources of P fertilizer. While traditional suppliers like Morocco and Russia remained major

contributors, European nations began to import more from countries such as Jordan, Tunisia,

and Saudi Arabia. Simultaneously, the European Union (EU) engaged in trade agreements

and partnerships with nations in North Africa and the Middle East, facilitating the import of

phosphorus fertilizers into Europe and contributing to the expansion of trade networks.

Table 3.9: Phosphorus - Evolution of community structure.

Metrics
Community Structure

2002 2007 2012 2017 2022

Number of communities 7 7 7 7 6
Modularity 0.419 0.408 0.421 0.397 0.364
Number of countries 39,34,31,27,22,16,7 46,40,38,31,29,5,4 42,39,38,30,19,18,11 40,38,38,32,26,12,6 58,36,35,22,10,7
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Figure 3.3: Community structure in N and P fertilizer trade dependency networks.
*Note: The �gures were generated by Gephi software. To provide a better visualization, nodes with fewer than 5

degrees and links with weights smaller than 0.5 were omitted.
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A. Nitrogen 2002 B. Nitrogen 2007

C. Nitrogen 2012 D. Nitrogen 2017
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