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ABSTRACT
TRACKING FLOWS ACROSS A METACOUPLED PLANET FOR SUSTAINABILITY
By
Yingjie Li

In an increasingly interconnected world, supply and demand are largely spatially
segregated while reconnected through distant commodity trade and ecosystem service flows. Many
of these transboundary flows can generate both positive and negative impacts and lead to trade-
offs in achieving different sustainability goals. However, these impacts are largely neglected due
to the inherent challenge in identifying and quantifying those transboundary flows. To better
understand how the flows connect and impact different systems environmentally and
socioeconomically, this dissertation aimed to provide a methodology synthesis for mapping
different transboundary flows, and then exemplify the applications in coupled land-water systems
(chapter 2), food-environment systems (chapter 3), and intercoupled global socio-environmental
systems (chapter 4). This dissertation research applied the integrated framework of metacoupling
(human-nature interactions within a system, between adjacent systems, and between distant
systems) to systematically uncover the effects of transboundary flows on sustainability across
multiple scales. Chapter 2 developed a typology of transboundary flows using six flow attributes
(i.e., type, magnitude, direction, distance, time, and mode). Besides, this chapter provided a
portfolio of multidisciplinary methods for characterizing transboundary flows, including trade
analysis, big data analysis, and various modeling approaches. This synthesis will facilitate
quantitative metacoupling research and inform flow-based governance. Chapter 3 revealed the
spatiotemporal dynamics of coastal hypoxia (or dead zone) in the Gulf of Mexico across 20 years

(2000-2019), and found chlor-a concentrations and sea surface temperatures are the top predictors



of hypoxia, indicating both excess nutrient inflows and climate warming fueled the consequence.
This chapter laid a foundation for further linking nutrient hotspots in the watershed with the
eutrophicated coasts to predict the timing and amount of nutrient flows for reduction strategies.
Chapter 4 tracked the flow of virtual nitrogen (N) embedded in food trade among 132 U.S. regions,
and found that 17.1% of the N surplus was induced by food consumption elsewhere but not local.
The U.S. Midwest bore most of the N surplus burdens for the nation, with nearly one-third
contributed by the lower Mississippi River basin and states other than the basin. This study
revealed that downstream food consumers suffering from nutrient pollution are also part of
contributors. Chapter 5 comprehensively evaluated a range of transnational flows and their effects
on the performance of 17 SDGs for 189 countries globally. It found transnational connections and
interactions (e.g., trade) are important for advancing countries’ overall SDG performance
(improving roughly 20%). Despite the overall benefit, high-income countries generally benefited
more, while low-income countries benefited less and were occasionally disadvantaged. The
analysis also found that transnational interactions more frequently occurred among distant
countries with unequal economic levels. This study offered an integrated picture of the often-
ignored transnational impacts on achieving sustainability. This dissertation advanced both
theoretical and methodological understanding of transboundary flows in the metacoupled Planet.
The cross-scale analysis of measuring multiple transboundary flows and their various socio-
environmental impacts on achieving the SDGs will help develop proactive strategies for
addressing transboundary challenges, mitigating SDG tradeoffs, and achieving co-benefits toward

global sustainability.
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CHAPTER 1: INTRODUCTION

1.1 Background

In the increasingly interconnected world, many social and environmental challenges are
interlinked not only within a single system but also coupled with adjacent and distal socio-
environmental systems. For example, intensive farming in the US Midwest could cause coastal
hypoxic zones 1000 miles away in the Gulf of Mexico (Li et al., in review; Rabalais and Turner,
2019), and beef consumption in Europe might lead to deforestation in Brazil (Ermgassen et al.,
2020; Nepstad et al., 2014). Existing studies towards understanding these issues tend to be either
static (discontinuous observation), isolated (only consider a single system and lack system
thinking), or incomplete (focus on one or two aspects of sustainability). Failing to fill these gaps
can result in unresolved issues, ineffective policy implementation, and tradeoffs in goal-

achieving efforts.

1.2 Theoretical framework

To address the research gaps and often neglected but prominent interregional challenges nearby
and faraway, this work aimed to implement the integrated framework of metacoupling.
Metacoupling aims to provide a holistic understanding of the socioeconomic-environmental
interactions within a system (intracoupling), between adjacent systems (pericoupling), and
between distant systems (telecoupling) (Figure 1.1) (Liu, 2017). These interactions are facilitated
by agents and achieved through the flows of material, energy, capital, and information within

and between systems. Many metacouplings generate complex and profound socioeconomic and



environmental impacts across local to global scales and impact the progress towards achieving

the United Nations Sustainable Development Goals (Liu, 2018; Xu et al., 2020c).
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Figure 1.1 Metacoupling framework (adapted from Liu 2017).

1.3 Goal and objectives

The main goal of this dissertation is to exemplify the application of the metacoupling framework
using multiple-scale case studies, ranging from local scale (the Gulf of Mexico), regional scale
(Mississippi River Basin), national scale (the US), and global scale (Figure 1.2). Each tested
different fundamental questions related to system complexity and interactions across systems,

time, and scales.



Specifically, this dissertation includes four core chapters (i.e., chapter 2 to chapter 5), and the
corresponding objectives are to:

e Develop a typology for transboundary flows and provide a methodologies synthesis for
quantifying the flows across metacoupled Anthropocene (chapter 2).

e Investigate the long-term dynamics of the coastal hypoxic zone in the Gulf of Mexico, a
major consequence of transboundary flows of excess nutrients from the US Midwest
(chapter 3).

e Examine food flows and virtual nitrogen flows at the US subnational level to estimate the
extent to which downstream food consumers contribute to and suffer from upstream
excess fertilizer use for food, taking the Mississippi River basin as an example (Chapter
4).

e Quantify the impacts of multiple transboundary flows on nations’ sustainability
performance, covering both environmental and socioeconomic dimensions (chapter 5).

This research contributes to both methodology advances and novel findings in using the
metacoupling framework to address pressing sustainability challenges. The chapters especially
highlighted the critical role of transboundary flows in connecting and impacting each
metacoupled system, and stress the use of system thinking and flow-based governance to inform

policy and enhance global sustainability.
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Figure 1.2 The metacoupled systems: socioeconomic and environmental interactions within a
coupled human-natural system (the watershed per se, e.g., the Mississippi River Basin in the
US), between adjacent systems (e.g., the Mississippi River Basin and the Gulf of Mexico), and
between distant systems (e.g., US and China).



CHAPTER 2: TRANSBOUNDARY FLOWS IN THE METACOUPLED ANTHROPOCENE:

TYPOLOGY, METHODS, AND GOVERNANCE FOR GLOBAL SUSTAINABILITY

2.1 Abstract

The world has become increasingly metacoupled through interregional flows of materials,
energy, people, capital, and information. Transboundary flows, connecting adjacent and distant
systems, are deemed the most critical indicators for measuring the intensity of interaction among
systems. To advance metacoupling flow research and governance, this synthesis made the first
attempt to develop a typology of transboundary flows using six flow attributes (i.e., type,
magnitude, direction, distance, time, and mode). Furthermore, this chapter highlighted a portfolio
of quantitative and practical methods for characterizing transboundary flows. To effectively
govern flows for global sustainability and resilience, it highlighted the need to recognize the

shared risks and goals, use system thinking, and enhance multilateral cooperation.

2.2 Introduction

Everything is connected to everything else (Barab&i, 2014), and even things far away from each
other become increasingly interconnected in the globalized Anthropocene (Kapsar et al., 2019; J.
Liu et al., 2015a; Liu et al., 2019). Meatcoupling is a newly developed integrated concept that
encompasses a broad range of socioeconomic-environmental interactions within a place, between
the place and adjacent places, and between the place and distant places (Liu, 2017). These
interactions are achieved through the flows of material, energy, capital, and information within

and between systems. Many metacouplings generate complex and profound socioeconomic and



environmental impacts across local to global scales and impact the progress towards achieving

the United Nations Sustainable Development Goals (Liu, 2018).

The metacoupling framework offers a useful analytical lens for effective sustainability research
and policy (Liu, 2017; Liu et al., 2018c; Tromboni et al., 2021). It explicitly views global
interlinkages as flows among interconnected system units of analysis, for example, sending,
receiving, and spillover systems (Liu, 2017). Sending and receiving systems are entities that send
and receive flows of material, energy, products, humans, capital, and information. Spillover
systems are entities that affect, or are affected by, interactions between sending and receiving
systems. Recent studies have elaborated the key concepts and methodologies for characterizing
agents (Dou et al., 2020, 2019), feedback (Hull et al., 2015), and spillover systems in the
metacoupling framework (Liu et al., 2018a). These studies, therefore, provided an in-depth
understanding of the framework and greatly facilitated the implementation in addressing the
world’s pressing socio-environmental challenges (Dou et al., 2018; Li, 2021; Yang et al., 2018).
Flows, as the most critical component that connects adjacent and distant systems, have also
drawn increasing attention. Schrder et al provided a typology for ecosystem service (ES) flows
(Schréer et al. 2018), and Koellner et al further provided a guidance for assessing four types ES
flows (Koellner et al., 2019). Their work laid a foundation for subsequent applications in
investigating interregional flows of multiple ecosystem services (Y. Hou et al., 2020; Klapper
and Schrder, 2021; Kleemann et al., 2020; Y. Wang et al., 2022; Wang et al., 2021). However,
these studies only focus on a few key ecosystem services-related flows, there is still a lack of
comprehensive synthesis for a broader range of transboundary flows across the metacoupled

Anthropocene. A recent synthesis found around 40% of telecoupling research only used the



“telecoupling” concept or mentioned the keywords but lack of substantial and quantitative
analysis of the telecoupling flows (Kapsar et al., 2019). The lack of corresponding
methodologies could be a reason because “telecoupling” and “metacoupling” are still a rather
novel framework to the broad scientific community. Another reason could be that traditional
approaches such as using statistical data, field observations, and ecological modeling, or one
single approach have become insufficient to address the complex metacoupling issues. Although
a few new transdisciplinary approaches have been proposed (e.g., citizen science, and big data
approaches), related methodologies have been published in dispersed literature (Koellner et al.,

2019).

With growing bodies of researchers from different disciplines interested in applying the
metacoupling framework to address real-world sustainability issues but encountering
methodology challenges, there is a great need to provide methodological guidance for assessing
transboundary flows. Closing the gap can have the potential to provide a generalized,
quantitative understanding of different types of flows across the metacoupled Anthropocene.
Armed with the knowledge, scientists could provide stakeholders with more quantitative and
spatially explicit socio-environmental flow information that could be used for facilitating flow-
based management and for achieving a range of sustainability goals. To advance the efforts for
metacoupling flow research and governance, we aim to: (1) develop a typology of transboundary
flows with illustrative examples; (2) highlight methods for investigating the flows; and (3)

discuss the usefulness of flow-based governance.



2.3 Typology of transboundary flows

Flows are movements of materials, goods, energy, information, capital, and people between two
or more coupled systems. To characterize and quantify the various transboundary flows, we
synthesize the existing knowledge and develop a typology using six flow attributes (Figure 2.1).
Although we focus on transboundary flows, the typology is also applicable for flows within a

system.

Defining system boundaries is critical to disentangle the complexity of various connections
among different systems. Depending on questions of interest, system boundary can be defined by
political/administrative units (e.g., countries, states, counties, cities), socioeconomic and cultural
units (e.g., conservation donor group, indigenous area), management units (e.g., protected areas),
or geographical and ecological units (e.g., hydrological units, ecoregions) (Liu et al., 2019; Qin

etal., 2022).

2.3.1 Flow type

Based on the nature of flows, we divide them into three broad categories.

(1) Physical flows include the trade of raw materials and products, interregional flows of energy,
water, pollutants/waste, animal migration, species dispersal, as well as disease transmission
(Table 2.1). Most of these material and organism flows are overlapped with ecosystem service
flows (Schr@er et al., 2018). Human flows (including tourism, human migration, and human
trafficking) also belong to this category. Human flows can be used to investigate a variety of
metacoupling effects. Apart from human flows related to tourism, migration of humans with high

intelligence can be used to study the extent to which brain-drain (substantial emigration or



migration of valuable individuals, such as doctors, healthcare professionals, scientists, engineers,
or financial professionals) can harm a country's economy and sustainable development (Bricker

etal., 2013).

(2) Non-material flows, such as financial flows and information flows have emerged to generate

unexpected large socio-environmental impacts (Eakin et al., 2014; Jiajia Liu et al., 2022; Qin et
al., 2022). For example, the Belt and Road Initiative pledged to invest US$1 trillion in 138
countries to boost infrastructure and economic development but led to the loss of natural land (Li
et al., 2021). Information flows can be in the form of technology transfer, knowledge transfer,

and other news or messages that could be spread through media channels or social ties.

(3) Virtual flows are also called the embedded resources (or footprints) “hidden” in products

(Galli et al., 2012). For example, virtual water is the water “hidden” in the products, services,
and processes people buy and use every day. Virtual water often goes unseen by the end-users of
a product or service, but that water has been consumed throughout the value chain, which makes
the creation of that product or service possible (Allan, 1998; Hoekstra and Hung, 2005). Virtual
nitrogen is any nitrogen that was used in the food production process but is not physically
contained in the final products (Galloway et al., 2007; Leach et al., 2012). Similarly, virtual
flows also cover energy, GHG emissions, and phosphorus. Virtual flow is an important concept
to unveil the indirect (or externalized) drivers of local resource problems and pave the way for
analyzing what can be done ‘elsewhere’ than locally to improve the sustainability and equity of

resource use (Hoekstra, 2017).



2.3.2 Flow magnitude

The magnitude of flows is the amount of flows and can be measured by weight (e.g., in kg),
volume (e.g., in m3), value (e.g., in $), and number count. Since sustainability depends on the
size of humanity’s footprint relative to the Planet’s carrying capacity (Hoekstra and Wiedmann,
2014), flow magnitude is the key to estimating the potential impacts on sending systems,
receiving systems, or spillover systems with consideration of each system’s resource
endowment. Data for quantifying the magnitude of flows usually come from the statistical
database, field observations, and modeling. Recent developments in big data also provided a rich
data source for mining and tracing human movements and information flows. Methodology for

quantifying flows will be elaborated in Section 3.

2.3.3 Flow directions

Flows can be unidirectional, bidirectional, multidirectional, or omnidirectional (Figure 2.2). For
unidirectional, bidirectional flows, and multidirectional it is relatively easy to track the exact
direction because the flows usually follow certain pathways that proceed directly between
sending and receiving systems, or indirectly between the two by passing through or leaking into
the spillover systems (Liu et al., 2018a) (Figure 2.1). The direction of a specific flow determines
which system is the sending system and which is the receiving system. For instance, in the case
of food flows (food exports from country A to country B), country A is the sending system;
while looking at money flows (country B pays country A for food), country A is the receiving
system in terms of money. Conventionally, outwards flows are also termed “outflows”, and
incoming flows are termed “inflows”. However, it is challenging to track the exact flow

directions of omnidirectional diffusions, such as greenhouse gasses and air pollutants. One way
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to determine the directions is based on atmospheric currents at broad spatial scales (Schr&er et
al., 2018). Another way is to identify the source of emissions and treat the surrounding regions as

receiving systems without directional bias (Fisher et al., 2009).

2.3.4 Flow distance

Distances between systems can be geographical, political, institutional, social, or cultural (Boisso
and Ferrantino, 1997; Eakin et al., 2014; Liu, 2017; Liu et al., 2018a; Tadesse and White, 2010;
Tromboni et al., 2021). Geographic distance is the most used measurement and is determined by
variables such as Euclidean space distance, or dummy variables such as whether sharing
common borders (e.g., land border or water border), if having transportation or communication
links, and differences in climates (Takayama, 2013). Geographic distance is useful to determine
whether a trade flow is a telecoupling or pericoupling process (Xu et al., 2020c). Since
geographic distance is usually linked with transportation, it has also been used to estimate
environmental costs embedded in product transport. For example, the concept of “food miles”
and “footprint distance” has been used to measure the impact of food transport on the

environment (Coley et al., 2009; Li et al., 2022).

Other distance measurements, such as cultural distance and administrative distance, have been
used for trade analysis and modeling and could be useful for future metacoupling studies beyond
international trade. Cultural distance refers to differences in norms, beliefs, and values between
countries (Hofstede, 2001). Increasing cultural distance between nations is expected to have a
negative effect on trade flows between them since it complicates trade and leads to increased

transaction costs (Salerstrém, 2008). Key attributes creating cultural distance include different
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languages, different ethnicities, lack of connective ethnic or social networks (e.g.,
colony/colonizer), different religions, and different social norms. The administrative distance can
be measured by the absence of colonial ties, absence of shared monetary or political association,

political hostility, and government policies institutional weakness.

2.3.5 Flow time

Temporal dimension of flows describes the timing (e.g., when the flow starts), duration (i.e.,
from start to end), frequency, and change rate of a targeted flow. Knowing the temporal
dynamics of flows can also help understand time lags in the metacoupled human-nature systems
(Liu et al., 2007). For example, in a telecoupled system, the sending and receiving systems are
usually far away from each other. Therefore, there are usually time lags between changes in the
sending system and effects in the receiving system (Rau et al., 2018). For instance, excess
fertilizer applied to agricultural land in the US Midwest cannot be immediately observed at the
Mississippi River estuary, neither coastal eutrophication nor “dead zones” (Li et al., in review;
Meter et al., 2018). Temporal scales of interregional flows vary and largely rely on certain types
of flows. For instance, trade-related flows are usually recorded at the annual level, with some at
the quarter or month level (USDA ERS, 2022). Physical water flows monitoring can be at daily

level or even real-time.

2.3.6 Flow mode
Flow mode distinguishes different ways of movement, including several types: (1) trade-related
flows depend on man-made carriers (e.g., boats, vehicles, airplanes, pipelines, and cable); (2)

passive biophysical flow through ecological processes, for example, water and sediment flows
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follow certain hydrological pathways. In some cases, water flow might also follow manmade
channels after human intervention. For example, China implemented the South-to-North Water
Transfer Project (SNWTP) to divert freshwater from water-abundant southern China to northern
China to mitigate water shortages (Xu et al., 2020b; Zhao et al., 2015). (3) movement of people
and animals for certain purposes (e.g., tourism, migration) (Chen et al., 2012; Hulina et al.,
2017); (4) flows of information and knowledge through man-made communication channels
(Schirpke et al., 2019; Schr@er et al., 2018). Flow mode is important for characterizing flows
and the interactions among systems. Particularly, the reliability of man-made transportation also
depends on transport infrastructure networks and intergovernmental networks (Liu et al., 2013).
Disruption of these networks, e.g., port disruptions, can have a large impact on international

trade flows (Verschuur et al., 2022).
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Figure 2.1 Key attributes for characterizing transboundary flows: system boundaries, magnitude,
directions, distance, time, and mode of flows. S — sending system, R — receiving systems, Sp —
spillover system.
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Figure 2.2. Possible flow directions. (a) unidirectional, e.g., river flows; (b) bidirectional,
biliteral trade or investment; (c) multidirectional, e.g., trade from one country to multiple
countries; (d) omnidirectional — the flows diffuse to the surrounding regions (e.g., carbon
emissions).
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Table 2.1. Types of transboundary flows, common spatial levels of analysis, and the quantification methods

Categories

Type of flows

Spatial levels

Methods

Trade of materials (raw, e.g., woods, minerals)

National

Trade of goods (foods, illegal wildlife trade; trade of
conventional weapons)

Subnational
Finer grain

?

Embodied nutrients * (physical content)

Note: Darker colors indicate

Energy flows (biomass, fossil fuels, ...)

greater data availability

- Statistical data-based approach
- Data mining & Crowdsourcing approaches
- Modeling approaches (e.g., gravity model)

Water flows

Pollutants/waste (Nutrients, GHG emissions, PM2.5, ...)

- Statistical models
- Process-based hydrological models
- Air current models

Social footprints (social risks embodied in production)

[ )
‘S ,, |[Human flows - National visitor statistics
g % - Tourism - Big data approach (human mobility trajectory
£ ¥ |- Human migration (Refugees, brains drain, ...) 0 from mobile phone and social media)
- Human trafficking
Animal migration - Field observation
Species dispersal (e.g., species invasion) - Animal tracking technologies
- Citizen science
[ ] - Modeling (Species distribution models)
Disease transmission (COVID19) - Big data approach (human mobility trajectory
@ from mobile phone and social media)
- Modeling
Flows of social services (International investments in - Statistical data-based approach
< conflict prevention and peacekeeping)
E o |Investment/financial aids - Statistical data-based approach
g E Information, knowledge, technology - Statistical data-based approach
g = G - Public surveys
i - Big data approach (geotagged text, photographs, and
videos)
= Environmental footprints (virtual - Life cycle assessment
2 £ water/energy/land/emissions/phosphorus/nitrogen, - Input-output analysis
-§ = |piodiversity embedded in production **) O

* Embodied nutrients are different from virtual nutrients (**). The former represents the matters or elements (e.g., protein, energy,
zinc, calcium, iron, vitamin B12, folate, vitamin A, nitrogen, and phosphorus) that are physically contained in the trade products,
while the latter represents the matters used in the production process but are not physically contained in the final products.
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2.4 Methods for quantifying flows
Quantifying the flow magnitude is the key to describing the reciprocal interactions among
systems and estimating the potential impacts. Depending on the study scale and flow types, we

summarized the methods in four broad categories (Table 2.1).

2.4.1 Trade-related flows
For trade-related flows, there are three main ways to quantify flows: statistical data-based
approach, data mining/crowdsourcing approach, and modeling approach.

(1) Statistical data are broadly available at the country level but are limited at subnational

levels. National-level bilateral trade data can be acquired from either Food and Agriculture
Organization Corporate Statistical Database (FAOSTAT) or the United Nations Commodity
Trade Statistics Database (UN Comtrade). The former most focus on agricultural products while
the latter includes more broad materials and product coverage. At the subnational level, the U.S.
Economic Research Service (ERS) provides state agricultural trade that is estimated from farm
production value and farm cash receipts for exported products (USDA ERS, 2022). In addition to
the conventional goods, to study peace and global safety-related flows, the trade of weapons can
be acquired from the Stockholm International Peace Research Institute Arms Transfers Database.
Illegal wildlife trade can be acquired from the CITES (the shorter name for the Convention on
International Trade in Endangered Species of Wild Fauna and Flora) (Koellner et al., 2019) and
the Oxford Martin Programme on Wildlife Trade. Some agencies also keep records of trade-
related information, such as Panda loans, which can be obtained from the giant panda registry
managed by the China Conservation and Research Center for the Giant Panda (J. Liu et al.,

2015a).
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(2) Data mining & Crowdsourcing approaches are emerging in recent years, showing great

potential to fill the data gap at the subnational level and even institution level (e.g., company
level). For instance, the Land Matrix Initiative takes a decentralized data collection strategy by
establishing a broad network in the different regions globally to obtain information on large-
scale land acquisitions (LSLAS). They synthesize and cross-check data from multiple sources
(such as research papers, policy reports, official government records, company websites, annual
reports, media reports, and field-based research projects) to produce the data products on the
global flow of transnational land acquisitions (Land Matrix, 2022). The rich information at very
fine spatial and temporal scales has facilitated food-water-energy-land-related telecoupling
studies across scales (Chiarelli et al., 2022; Liao et al., 2016; Liu et al., 2014). Similarly, the
Trase Finance initiative takes a unique supply chain mapping approach to map in unprecedented
detail subnational trade flows by combining self-disclosed data from companies with customs,
shipping, tax, logistics, and other data (Godar et al., 2015). The approach is unique because it
links consumer countries, and traders, with the patterns of ownership and investment in trading
companies, as well as places of production down to the lowest level of government
administrative unit (e.g., individual farms or production areas). This spatially explicit
information can help trace multiple environmental impacts (e.g., deforestation, biodiversity loss)
of supply chains in great detail (Ermgassen et al., 2020; Green et al., 2019; Reis et al., 2020;
Schim van der Loeff et al., 2018; zu Ermgassen et al., 2022). While these two examples are
focused on land deals and agricultural commodity supply chains respectively, the approach can

be used for mining and mapping flows of other types of goods and services.
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(3) Modelling and simulation approaches are especially useful when statistical data or public

data are not sufficient. The gravity model is widely used for analyzing bilateral trade flows of
various commodities at both national and subnational levels (Kabir et al., 2017; W. Liu et al.,
2015). The concept of the gravity model is based on Newtonian physics, and trade volume
between two areas is modeled as an increasing function of their sizes (often using GDP) and a
decreasing function of the distance between the two (Anderson, 1979; Kepaptsoglou et al.,
2010). Though geographic distance is the most commonly used distance variable, revised
versions of gravity models have also considered other impedance factors (or flow distance
variables described above in this paper) such as transportation costs, tariffs, quality of
infrastructure, and common language (Kepaptsoglou et al., 2010). In addition to the gravity
model, input-output (10) and generalized equilibrium models have been exploited for simulating
trade flows. Constructing interregional 10 tables usually takes large financial and labor efforts,
and running computable generalized equilibrium (CGE) models requires a considerable number
of parameters (Boero et al., 2018). For application purposes, users usually resort to existing 10
tables and datasets released by professional institutions and teams. For instance, the Food and
Agriculture Biomass Input—-Output (FABIO) tables provide a comprehensive flow of agriculture,
food and forestry products of materials among 191 countries (Bruckner et al., 2019). The
Chinagro model, a geographically detailed general equilibrium model, depicts the interregional
trade of agricultural products among eight regions in China (Dalin et al., 2014; Fischer et al.,

2007).

In addition to the aforementioned models focusing on national and subnational, freight flow

models can be used to map trade flows at more spatially explicit scales (e.g., county, and pixel
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level) (Karakoc et al., 2022; Kinnunen et al., 2020; Lin et al., 2019). For example, the U.S.
Bureau of Transportation Statistics (BTS) and Federal Highway Administration (FHWA)
integrate data from a variety of sources (e.g., Commaodity Flow Survey, CFS) to create a freight
movement database — Freight Analysis Framework (FAF) — among states and major metropolitan
areas by all modes of transportation (Hwang et al., 2021). Lin et al and Karakoc et al further
downscaled this data and produced the US county-level food flows (Karakoc et al., 2022; Lin et
al., 2019). At finer spatial resolution, Kinnunen et al combined the foodsheds (self-sufficient
areas with internal dependencies) approach and freight analysis and modeled food flow paths at
30 arcmin resolution (Kinnunen et al., 2020). Both examples are on food flows, but the approach
can also be applied to other traded commodities. Other novel data such as the automatic
identification system (AIS), which is an automatic tracking system that uses transceivers on
ships, can provide rich and real-time ship locations and movement trajectories (Mou et al., 2020).

In combination with auxiliary data, AIS can also be used for estimating maritime freight flows.

2.4.2 Passive biophysical flows

The methods for estimating the flows of water, sediments, and pollutants (e.g., nitrogen,
phosphorus, GHG emissions, and PM2.5) range from field observations to process-based
modeling.

Water flows, such as streamflow, are usually publicly available from government-led or research
institute-led observation stations (e.g., the U.S. Geological Survey). For human-intervened water
flows, such as China’s South-to-North Water Transfer Project (SNWTP), the amount of
transferred water across regions can be acquired from the management department or through

public reports. According to the most recent report, 50 billion m3 of water has been transported
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from southern to northern China from 2014 to 2021 (Xinhua News Agency, 2021). Researchers
can also develop their own field observation stations to obtain related water flow data. However,
the observed data have drawbacks either due to limited spatial coverage or temporal availability.
Modeling approaches are often used for filling the data gaps. Hydrological models, such as Soil
& Water Assessment Tool (SWAT), can be used to simulate the quantity and quality (e.g.,
nitrogen and phosphorus concentrations) of surface and groundwater in watersheds (Bieger et al.,
2017). SWAT does not directly model flows, but the outputs can be used for estimation or as
inputs for other flow models. The Model to Assess River Inputs of Nutrients to seas (MARINA)
is a widely used flow model, which quantifies river export of nutrients (dissolved N and P) from
land to sea by the source at the sub-basin scale (Strokal et al., 2016). For finer spatial scale,
Bagstad et al developed an agent-based model termed “Service Path Attribution Networks”
(SPANS) on the Artificial Intelligence for Ecosystem Services (ARIES) modeling platform
(Bagstad et al., 2013). The SPAN initializes agents from spatially explicit source (i.e., sending
systems), sink, and use data, and track the spatially explicit paths taken by carrier agents through
the network (e.g., hydrologic or transportation networks, or the atmosphere) to determine the
quantity of goods or services reaching final users (i.e., receiving systems). SPAN is a powerful
tool to model the flows of freshwater, riverine flood, and sediments (Bagstad et al., 2013). The
flows of emissions (e.g., GHG and PM2.5) through the air are more volatile and can be

stimulated by applying advanced air current models (Koellner et al., 2019).

2.4.3 Human and animal flows
Human migration data are recorded at multiple levels, such as the national level for international

migration and the subnational level for interregional (within a nation) migration. Data can be
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acquired from nation or state statistical administrations. For example, tourism flows, can be
collected from national visitor statistics provided by World Tourism Organization (UNWTO).
These data are usually collected through census surveys or self-reporting. lllegal human flows,
however, are less accessible. Such data might be sourced from data initiatives. For example, the
Counter-Trafficking Data Collaborative (CTDC) utilized a crowdsourcing approach and
collected anonymized human trafficking data contributed by counter-trafficking organizations
around the world. Recent development in big data using human mobility trajectory from mobile
phone and social media provides alternative high-resolution and instant human flow data for
investigations (SafeGraph, 2022). The human mobility data with detailed geospatial information
can also be used to model tourism and disease transmission (e.g., COVID-19) (Chang et al.,

2020; Grantz et al., 2020; Kang et al., 2020; Xiong et al., 2020).

Animal migration and species dispersal (e.g., species invasion) can be estimated based on field
observation (e.g., birdwatching) (Koellner et al., 2019), citizen science, and crowdsourcing
approach (e.g., iNaturalist), or animal tracking technologies. Since these approaches can only
capture a sample of the whole population, species distribution models have often been used

(Koellner et al., 2019).

2.4.4 Non-material flows

In an era of information, massive information flows everywhere. To quantify the interregional
flows of particular information of interest, it is important to first identify the information sending
systems and receiving systems. A sending system can be quickly identified based on the source

and content of the information (such as when, where, and who), while the receiving systems can
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be multiple or hundreds of thousands. Based on the scales or certain system boundaries, one can
identify the receiving systems by examining the occurrence of news in local public media and
social media. Further, the quantity of keywords, photos, and videos in geotagged social media
(e.g., Twitter, Flickr, Sina Weibo) and digital search engines (e.g., Google Trends), or the
number of newspaper articles, reports, and documentaries that report about the sending system in
the receiving system could be used as a proxy to estimate the magnitude of information flow
(Koellner et al., 2019; Li et al., 2021; J. Liu et al., 2015a). We must be aware that these proxies
can serve as an approximation but might be biased in estimating the actual magnitude of
information flows. The bias can be introduced by the representativeness of samples. For instance,
social media participants are not a random sample of the population. Therefore, certain
population groups with different demographic traits (e.g., age, education level, income) could be
over- and under-represented in social media data (Li et al., 2021). Similarly, the heterogenous
coverage of social media platforms and devices across regions, as well as the uncertainties
caused by potential noise of misinformation, can also bring bias in estimation. To accurately
estimate information flow using social media data, there is a need to carefully handle the inherent

bias in data.

Knowledge transfer and technology transfer can be quantified in the same way as information
flows. Depending on the types of technology, the technology transfer could also be measurable
by trade flow approach. For example, energy-related technology transfer can be measured by the
trade quantity of high-tech energy equipment and materials (e.g., solar panels, and rare-earth

metals) (Fang et al., 2016; Fishman and Graedel, 2019; J. Li et al., 2020).
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Flows of investment and financial aid can be measured by data from public datasets, such as
foreign direct investment. In addition, the AidData team at William & Mary used data mining
approaches to produce project-level financial flow by coding over 1.5 million development
finance activities (AidData, 2016; Custer et al., 2021). The Global Development Policy Center at
Boston University also took a similar approach and produced a high-precision dataset for
China’s oversea finance investment (Ray et al., 2021). These financial flow data have been used
for investigating international conservation interest (Qin et al., 2022), the risk to global
biodiversity (Yang et al., 2021), and the social and environmental impact of large-scale oversea

infrastructure development (Li et al., 2021).

2.4.5 Virtual flows

Virtual flows, or the embedded resources or footprints “hidden” in products, have emerged as a
set of major indicators for evaluating the potential impacts of trade (Fang et al., 2014; Galli et al.,
2012; Vanham et al., 2019; Xu et al., 2020c). Since the virtual resources are the portion that was
used in the production process but are not physically contained in the final products, the end-
users (or the product receiving systems) usually cannot see or be aware of their impacts on
distant producing systems (or product sending systems). The concept of virtual flows can thus be
used to inform final consumers to adjust their consumption behaviors (e.g., changing diets or
sourcing products from more sustainable production systems). There are two widely used
approaches for quantifying virtual flows: Multi-Regional Input Output (MRIO) analysis, and life

cycle assessment (LCA).
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(1) MRIO is a macroeconomic approach that tracks financial flows between countries’ major
economic sectors. Developed by the Nobel Prize Laureate Wassily Leontief, input-output
analysis is an economic technique that relies on input-output tables. Monetary MRIO tables can
be coupled with satellite accounts data on a range of environmental indicators (e.g., land, water,
energy, emissions, biodiversity risk) to estimate environmental footprint flows (Lenzen et al.,
2012; Li et al., 2022; Oita et al., 2016; Xu et al., 2019b; Zhao et al., 2015). The basic idea is to
convert monetary values in the MRIO tables to physical or virtual footprint flows among sectors
and countries based on independent data on the national price per physical unit of certain
products, and on the physical resource or environmental intensity (e.g., CO2 emissions in tonnes
per monetary unit) by country and industry sector (Shapiro, 2020). In recent years, research has
been extended from not just environmental indicators, but also incorporated social indicators
(e.g., employment, child labor, and gender pay gap) to assess the social risk embedded in
products and services (Alsamawi et al., 2017a; Malik et al., 2021b; Wiedmann and Lenzen,
2018; Xiao et al., 2017). MRIO analysis is suitable for macro-scale virtual flow analysis, and the
data are broadly available at the global scale. Table 2.2 summarized a list of widely used MRIO
databases, detailing country, sector, and year coverages, as well as the associated satellite
accounts available for use. Countries, such as the US and China have subnational MRIO tables
(i.e., 10 between various sectors of multiple regions in a country). MRIO is more suitable for
mapping virtual flows at aggregated sector level or economy level but usually not suitable for a

single product.
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Table 2.2. Summary of the main global MRIO databases

Model (FABIO)*

Database name Countries Sector details Time Extensions Unit
EORA World (190) Full Eora: 20-500; 1990-2021 GHG emissions, labour | USD
Eora26: 26 inputs, air pollution,
energy use, water
requirements, land
occupation, N and P
emissions, primary
inputs to agriculture
EXIOPOL-EXIOBASE | World (44 = 43+ 163 1995-2021 30 emissions, 60 IEA EUR
1ROW = energy carriers, water,
27EU+16+1) land, 80 resources
World Input-Output World (41 = 35 1995-2009 Detailed socio- usD
Database (WIOD) 40+1RoW = economic and
27EU+13+1) environmental satellite
accounts
Global Trade Analysis World (129 = 65 1990, 1992, 5 (GWP), Land use (18 | USD
Project (GTAP) 121+20R) 1995, 1997, AEZ), energy volumes,
2001, 2004, migration
2007, 2011, 2014
Global Resource World (62) 48 2000, 2004 CO2 emissions,
Accounting Model material extraction,
(GRAM) value-added, and
employment
IDE-JETRO Asia-Pacific (8: 56 (1975); 1975-2005 Employment matrices YEN
1975) (10: 1985- 78 (1985-1995); (2000, 2005)
2005) 76 (2000, 2005)
Food and Agriculture World (192 =191 118 processes and 1986-2013 NA Tonnes,
Biomass Input-Output countries + 1IRoW) | 125 commodities Heads

* FABIO is a physical 10 table, while others are all monetary tables.
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(2) Life cycle assessment was initially developed to estimate environmental impacts associated

with a product throughout its life cycle in the 1970s (Crawford et al., 2018; Guineé et al., 2011,
ISO, 2006). Starting in the 2000s, social-LCA was proposed and developed to assess the social
and sociological impacts (e.g., human rights, health, and safety) of products along the life cycle
(Andrews, 2009; Guinee et al., 2011). LCA is a more comprehensive, high-resolution, and
flexible approach compared to the MRIO approach. Combined with trade flow data, virtual flows
of footprints at both macro-scale (e.g., country level) and micro-scale (e.g., corporation level and
individual people level) can be quantified (Malik et al., 2021a; Xu et al., 2020b; Zhao et al.,
2021). Figure 2.3 provides an example, illustrating the system boundaries and functional units
for the life cycle assessment (LCA) of irrigated agricultural production. In this example, carbon,
energy, and water footprints of producing per unit of winter wheat can be calculated through the

LCA method in combination with unit process parameters (Xu et al., 2020b).

However, LCA relies heavily on data collection, either from onsite investigation, laboratory tests
(Tu et al., 2021), or through questionnaire surveys and literature reviews (Poore and Nemecek,
2018). And different system boundary settings may result in very different results (Malik et al.,
2021a). But still, by clearly defining the proper system boundaries and utilizing existing LCA

tools (Figure A2.0.1), LCA is still a very powerful approach for virtual flow quantifications.

In practice, due to data limitations, MRIO and LCA scholars tend to use fixed parameters either
borrowing average figures from studies at global scale or parameters examined in other regions
at a certain time, but ignored the heterogeneity in terms of space and time. Accurate estimations

should further consider the spatial variability (given the heterogeneity in climate, soils, resource
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endowment, and other production conditions) and temporal variability (Hoekstra, 2017; Poore

and Nemecek, 2018).
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Figure 2.3. An example of quantifying virtual flows of water, energy, nitrogen, and CO2
embedded in food trade by using life cycle assessment (LCA) of irrigated agricultural
production. S — sending system, R — receiving systems. The subplot of LCA is adapted from (Xu
et al., 2020b).

2.5 Governance of transboundary flows for global sustainability

In an increasingly metacoupled world, one place’s actions can generate positive or negative
impacts on others through various interregional linkages and flows (Chung and Liu, 2022; Li,
2021; Liu et al., 2018b; Sachs et al., 2017; Zhao et al., 2020). It is thus critical to understand,

track, measure, and manage the transboundary flows across scales and over time.
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Transboundary flows are particularly challenging for governance as they usually involve
multiple states or multilateral governing authorities and regimes. Stakeholders under different
governing systems can have very different interests and goals. Instead of providing a solution,
we rather use transboundary flows as a scientific measurement and visual tool to inform
multilateral stakeholders about the potential challenges and opportunities for sustainable

development.

2.5.1 Growing shocks to transboundary flows

Changing climate (e.g., extreme climate events, global warming), emerging global pandemics
(e.g., COVID-19), growing conflicts (e.g., Russia-Ukraine war), and volatile international
relations (e.g., the recent US-China Trade war) have threatened the sustainable delivery of many

flows (e.g., global supply chains) and global sustainability (Figure 2.4).

Global climate change is the most widespread risk, and can impact flows through many
pathways, such as directly on flow transport, or impact production systems (often the sending
systems). Research shows that 86% of ports globally are exposed to more than three natural
hazards, potentially affecting global maritime trade flows (Verschuur et al., 2022). Research has
revealed that each degree-Celsius increase in global mean temperature would reduce global
yields of maize by 7.4%, wheat by 6.0%, rice by 3.2%, and soybean by 3.1% (Zhao et al., 2017).
Large reduction in major food production regions could trigger systemic disruption — the soaring
price of agricultural products and erratic food supply chains (Puma et al., 2015). In addition to
trade-related flows, extreme climate events also impact passive flows, such as water flows, and

cause disasters (e.g., floodings and drought), threatening human-nature systems.
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The outbreak of epidemics (e.g., the recent COVID-19 pandemic) is another major threat to
many transboundary flows. Global lockdown because of the pandemic has blocked more than
90% of the international human flows, and generated severe negative impacts on global supply
chains (Falkendal et al., 2021; Guan et al., 2020). The African swine fever, another outbreak in
East Asia and Europe, also caused a detrimental effect on food flows and threaten food security

(Mason-D’Croz et al., 2020).

Growing conflicts and volatile international relations also impact various transboundary flows.
For instance, since February 2022 after Russia's invasion of Ukraine, more than 9.1 million
cross-border refugees have left Ukraine (UNHCR, 2022). The war also disrupted global flows of
vital commodities such as food, energy, and fertilizer (Puma and Konar, 2022; Tollefson, 2022),
which are expected to further affect biodiversity and the environment (Jianguo Liu et al., 2022).
Another study on the impacts of the Syrian civil war revealed that refugees fleeing can also have

unexpected impacts on transboundary water flows (MUler et al., 2016).

Being aware of these global impacts on transboundary flows, and assessing the system dynamics

by applying the metacoupling framework can help stakeholders get a holistic picture and work

together to address transboundary sustainability challenges.
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Figure 2.4. Shocks (red icons) and opportunities (blue icons on the top) that might impact
transboundary flows and the metacoupled systems. S — sending system, R — receiving systems,
Sp — spillover system.
2.5.2 System modeling and scenario analysis for understanding dynamic flows and
metacouplings
In the age of metacoupled Anthropocene, system interactions become more complex than ever
because of the growing number of interlinked systems, agents, linkages, causes, effects, and
feedbacks. Network analysis is especially useful for visualizing the complex interactions
between multiple flows and multiple systems (Carlson et al., 2021; Sonderegger et al., 2020), but
is not sufficient for system modeling. Nexus approaches were highlighted to be highly useful in
uncovering synergies, detecting harmful trade-offs, detecting harmful trade-offs among multiple
sectors, and unveiling unexpected consequences (Liu et al., 2018b). In the five major steps of
implementing nexus approaches (Liu et al., 2018b), we would like to elaborate on “simulate
nexus dynamics” here, as this step is critical for quantitatively understanding changes in flows
and dynamics of systems. Particularly, we recommend the integration of flow models (Section 3)

and scenario analysis for simulation. Scientists can work with multi-stakeholders to develop
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various scenarios. In addition to the common practice of including socioeconomic development
and climate scenarios (Zhao et al., 2021), shocks on transboundary flows can also be included in
developing scenarios. For instance, shocks can lead to different degrees of trade disruption. It
would be better for countries or regions that rely on trade for goods and services to test the extent

to which trade disruption might impact the supply for domestic needs.

Given the broad impacts each scenario might generate on a system’s sustainable development,
the Global indicator framework for the Sustainable Development Goals (SDGs) proposed by
United Nations can be particularly helpful to provide a set of indicators for cross-sector or cross-
region comparison (Figure 2.5) (UN, 2019). A fully integrated global social-environmental
model — the Global Biosphere Management Model (GLOBIOM) — has shown great potential for
application in global and regional agricultural trade and impact assessment (Havl K et al., 2018).
For other types of flows, such as water and energy flows, the corresponding flow models can
also be integrated with scenario analysis for simulations (Munia et al., 2020; Vinca et al., 2020).
Although scenario analysis has often been criticized for not being able for validation, it is still
useful for guiding policy making by revealing potential impacts. Not aiming at predicting the
future, the analysis rather provides a big picture of what to avoid and how to adapt to an

uncertain future.
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Figure 2.5. Scenario analysis for investigating dynamics of transboundary flows (left), and
system sustainability under the UN SDG framework (right). S — sending system, R — receiving
systems, Sp — spillover system.

2.5.3 Multi-sited, multi-stakeholder, multi-sector, and multi-scale flow-based governance

In an interconnected world, it is short-sighted to say that problems are caused and are to be
solved where they occur (i.e., place-based governance or territorial-based governance) (Hoekstra
and Wiedmann, 2014; Liu et al., 2018b; Munroe et al., 2019; Sikor et al., 2013). Such place-
based governance might lead to well-intended but unexpected noneffective policy results. For
instance, only focusing on emission target within the country might lead to displacement of

carbon-intensive industries to other countries with lax environmental standards, resulting in

“carbon leakage” (Xu et al., 2020c).

With the world becoming increasingly interconnected, there is a need for further facilitating

flow-based governance, which considers governance in a place in light of its relationships with
other places, by tracking and managing where flows start, progress, and end (Liu et al., 2018a;
Sikor et al., 2013). Flow-based governance is not new if one considers, among others, colonial

trading companies and transboundary river management (Sikor et al., 2013). Yet, the speed,
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scale, and scope of transboundary flows have become arguably unprecedented under
globalization and growing shocks (Section 4.1) in recent few decades (Munroe et al., 2019). New
forms of flow-based governance are required and are emerging. Ample studies and practices
have been implemented in global supply chain management, e.g., through certification schemes
for products, environmental labeling and certification schemes along the global supply chains
(OECD, 2016; Prag et al., 2016; Sikor et al., 2013). For biophysical flows, e.g., water and
nutrient pollutants, many transboundary river basins are still suffering from conflicts between
upstream and downstream regarding water quantity allocation and water quality control (De
Stefano et al., 2017; UNEP-DHI and UNEP, 2016). Most of the transboundary river basins lack
sufficient transboundary agreements, some exist but need more comprehensive coordination and
modern cooperation among multi-stakeholders in addressing interlinked flow challenges among
multiple sectors (e.g., climate, land, food, water, energy; Figure 2.6) induced by alarming
warming trends, growing population demands, and emerging hydro-political tensions (e.g.,

caused by booming dam constructions) (UNEP-DHI and UNEP, 2016; Vinca et al., 2020).

Integrated governance of flows therefore requires the consideration of multi-site, multi-
stakeholder, multi-sector, and multi-scale. It is essential to understand how different players
contribute to forms of governance, and how different flows might interact and lead to potential
trade-offs or synergies among sectors. There is also a need to understand how actions at different
spatial levels can create the best synergies to make our production and consumption patterns
more sustainable. Hoekstra et al used water governance as an example and illustrated the
importance of interventions at different scale levels (from the field or production-line level to the

farm or factory level, the river basin level, the country level, and the international level) and
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bringing in new relevant players at different governance levels (e.g., from the individual water
user to irrigation and water boards, governmental policy makers, and international agreements)
(Hoekstra et al., 2019). Only by thinking holistically can we develop effective strategies to

manage the flows and achieve co-benefits.

Flow-based governance also needs to view the metacoupled system as a whole and manage the
flows in the system collectively. For example, focusing on a few key flows in supply chains
might be efficient for short-term sustainability, but the whole system could be susceptible to
unexpected shocks to these key flows. Preserving and promoting proper redundancy and
diversity of the flows within the system can improve system resilience (Puma et al., 2015).
Furthermore, by utilizing the proposed system modeling and scenario analysis tools, flow-based
governance should also pay attention to managing gradual changes and feedback impacting the

metacoupled system.
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Figure 2.6. Multiple interconnected flows across a transboundary river basin. Regions within a
river basin are linked through their use of the water (for freshwater, food, and energy), and the
impacts they cause through development and pollution (e.g., nutrient pollution, wastewater
pollution, freshwater biodiversity, and reduction of sediment supply). Adapted from (UNEP-DHI
and UNEP, 2016).

2.6 Concluding remarks

Transboundary flows are the key component in the metacoupling framework, connecting
adjacent and distant systems. Governance of transboundary flows is inherently challenging. To
address the complexity and challenges, we made a first attempt to characterize them in different
dimensions (e.g., type, magnitude, direction, distance, time, and mode), and summarized
practical methodologies for characterizing them. Tracking and quantifying transboundary flows

have profound implications for achieving co-benefits and minimizing trade-offs across sectors

and places. Governing transboundary flows should recognize the shared risks and goals, use
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system thinking, and enhance multilateral cooperation. To achieve global sustainability in the
Anthropocene, transboundary flows must be explicitly recognized and systematically
characterized in sustainability research and governance so that effective policies and practices

can be developed and implemented to safeguard humankind and its planetary support systems.
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CHAPTER 3: MAPPING SPATIOTEMPORAL DYNAMICS OF COASTAL DEAD ZONES

OVER 20 YEARS USING REMOTE SENSING

3.1 Abstract

Spreading dead zones (hypoxia) are threatening coastal ecosystems and over three billion
people’s livelihoods globally. Traditional coastal dead zone models present a limitation on our
ability to understand how dead zones change across time and space because they typically only
used discrete ground measurements that are difficult to be applied over broad spatiotemporal
scales. To fill this gap, this study proposed a workflow that integrates time-series remote sensing
observations with field measurement archives and used Random Forest, a machine-learning
algorithm, on the Google Earth Engine platform to characterize dead zone dynamics during
2000-2019. The chapter demonstrated this workflow using the Gulf of Mexico, the largest dead
zone in North America, as a case study. The results show the Gulf dead zones peaked in 2009
(17,699 +679 km?) and contracted afterward in terms of both size and persistence as measured
by intra-annual occurrence. Despite the moderate contraction, the average size of the maximum
dead zones in the recent 10 years (2010-2019) was still twice above the redline target (i.e., <
5,000 km?) set by the Interagency Mississippi River and Gulf of Mexico Hypoxia Task Force.
Furthermore, dead zones occurred more frequently (> 40% of the 20 years) in the western Gulf,
and nearly half of the region experienced dead zones annually. This research also detected dead
zone occurrence at the Suwannee River estuary in the eastern Gulf, which was rarely studied. In
addition to the interannual change, this analysis also depicted the intra-annual dead zone
dynamics. In most of the studied years, dead zones started to grow in June and peaked during

mid-August and September. The rich and fine temporal and spatial information on dead zone
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dynamics will be helpful for policy-makers to develop targeted management plans and
environmental policies. The demonstrated approach which incorporates remote sensing into
long-term coastal dead zone monitoring can be used to monitor dead zones worldwide and help
provide important information for moving toward the United Nations’ Sustainable Development

Goals.

3.2 Introduction

The past few decades have seen a massive increase in coastal eutrophication and growing dead
zones (hypoxia and anoxia beneath the water) (Diaz and Rosenberg, 2008). Globally, at least 500
coastal dead zones have been reported, some of which have become exceedingly large (>5,000
km?, hereby called mega dead zones) while a few others are growing rapidly (e.g., the Gulf of
Oman) but lack sufficient and consistent monitoring (Breitburg et al., 2018). The lack of
monitoring in many regions means the true number of dead zones may be much higher than
currently estimated. Marine dead zones can lead to biodiversity loss and damage to ecosystem
services (e.g., seafood, recreation fishing) that underpin human well-being (Breitburg et al.,
2018). Given that more than three billion people depend on marine and coastal ecosystems for
their livelihoods (IPBES, 2019), it is critical to improve the understanding and predictions of
marine ecosystem change at large spatiotemporal scales to inform management plans and
environmental policies for maintaining the sustainability of marine ecosystem services in a

changing world.

Research towards understanding the marine dead zones has largely been based on cruise field

observations. For example, in the Gulf of Mexico, shelfwide cruise hypoxia monitoring has been
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persistent since 1985 (Rabalais et al., 2010; Smith et al., 2017). In the Baltic Sea, multinational
monitoring programs and research cruises have collected water column measurements since
1900 (Carstensen et al., 2014; Conley et al., 2011; Murray et al., 2019). Monitoring efforts and
data are more spatially sparse and temporally discrete in most other coastal systems (e.g., in the
East China Sea) (Chen et al., 2007; Ning et al., 2011; Zhu et al., 2011). Despite substantial
efforts to understand coastal hypoxia, existing studies are often limited in temporal and spatial
extent because cruise field observations are usually labor-intensive, time-consuming, and costly.
Unexpected shocks, such as storms, financial crises, and the recent pandemics have impacted

cruise trips for continuous data collection efforts.

Hypoxia models thus have been developed to understand coastal hypoxia dynamics. EXisting
models are either process-based or statistical. Process-based models are useful to understand the
hypoxia processes by accounting for biophysical and biogeochemical processes such as nutrient
transport, primary production, and water stratification in order to predict dissolved oxygen (Del
Giudice et al., 2020; Fennel et al., 2016; Obenour et al., 2015; Scavia et al., 2013; Wang and
Justi¢, 2009). However, these models usually require tremendous parameter data for calibration
and validation. Statistical models offer an alternative and more feasible way to approach hypoxia
prediction by characterizing the empirical statistical relationship between the size of summertime
hypoxia zones and nutrient loads along with river discharge (Forrest et al., 2011; Greene et al.,
2009; Turner et al., 2012). Yet, existing hypoxia statistical models usually only predicted the
hypoxia size but did not reveal the geospatial distribution of the hypoxic zones. In sum, existing

modeling studies have contributed significantly to understanding coastal hypoxia issues.
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However, few of them have produced spatially explicit information on hypoxia, partly because
of the lack of sufficient water measurements (Matli et al., 2020, 2018).

Recent advancements in Earth observation satellites (e.g., NASA's Earth Observing System)
provide an alternative way to acquire large-scale and consistent data for monitoring
environmental changes both in terrestrial and marine ecosystems (Gorelick et al., 2017; Le et al.,
2016). For example, remotely-sensed Chlorophyll a (Chl a) from satellite sensors such as
MODIS (Moderate Resolution Imaging Spectroradiometer) and SeaWiFS (Sea-viewing Wide
Field-of-view Sensor) have proved to be an efficient means for examining the marine
eutrophication and dead zones (Chen et al., 2014; Klemas, 2011; Le et al., 2016). Time-series
remotely-sensed imagery that covers a long-time span offers the potential to track historical
marine ecosystem changes and even predict changes in the future. Yet, few studies have
integrated remote sensing into investigating coastal dead zones over time and across large spatial
scales. A recent study attempted to use a linear regression approach to characterize the
relationship between surface dissolved oxygen and satellite-derived variables (Kim et al., 2020).
They found that surface dissolved oxygen (DO) and water temperature shows a strong inverse
relationship, demonstrating the potential of remote sensing data to model DO. However, very
few studies have applied time-series of satellite imagery to predict bottom DO, which is more
concerning as hypoxia zones usually occur in the bottom water and cause severe impacts on
coastal marine ecosystems (Breitburg et al., 2018; Diaz and Rosenberg, 2008; Rabotyagov et al.,

2014; Tomasetti and Gobler, 2020).

The objective of this study is to use freely available remote sensing imagery and documented

field observation seawater data, combined with the machine-learning algorithm on the Google
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Earth Engine (GEE) cloud computing platform, to investigate the spatiotemporal dynamics of
dead zones in the Gulf of Mexico from 2000 to 2019. This research is the first to incorporate
time-series remote sensing data in long-term coastal dead zone monitoring research. The
demonstrated approach can be easily adapted to map dead zone dynamics in other coastal regions
around the world. Findings from this research hold promise to provide urgently needed
information for both terrestrial and marine conservation agencies to develop integrated solutions
to optimize ecosystems management and to move toward the United Nations’ Sustainable

Development Goals (SDGs), especially SDG 14 (Life below water) and SDG15 (Life on land).

3.3 Materials and methods

3.3.1 Study area

Our study area is located in the Gulf of Mexico (Figure 3.1), and we chose it as a case study
because (1) it is the largest hypoxic zone in North America and the second-largest worldwide;
and more importantly, (2) there are the most abundant and consistent water samples that can be
used for training and validating our models. Hypoxia in the Gulf is largely caused by excess
nutrients from the adjacent human-dominated and agriculturally heavy Mississippi River basin
(Diaz and Rosenberg, 2008; Pitcher et al., 2021). The Mississippi River basin drains
approximately 41% of the land area of the conterminous United States, and the combined flows
of the Mississippi and Atchafalaya Rivers account for 96% of the annual freshwater discharge
and 98.5% of the total annual nitrogen load to the Gulf (Pitcher et al., 2021). Beginning from
around the middle of the 20th century, there has been a marked increase in the concentration of
nitrogen and phosphorus in the Lower Mississippi River, which has been attributed to

agricultural activities, especially increased use of fertilizers, in the basin and surrounding regions
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(Mitsch et al., 2001). The largest extent of the hypoxic zone was recorded in the summer of 2017

at 22,720 km?, which is approximately the same size as the state of New Jersey (NOAA, 2017).
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Figure 3.1. The geographic location of the water samples, Gulf of Mexico, and the adjacent
Mississippi River basin in the US.

3.3.2 Field data

We compiled the coastal water quality dataset for the 2000-2019 period from multiple sources
(Figure 3.2). Overall, this dataset includes 779,456 samples collected from 150 monitoring
cruises at 8,117 locations (with latitude and longitude) in the Gulf area (Figure 3.2, Figure
A3.0.1). The water sampling includes measurements of dissolved oxygen (DO), water
temperature, sampling date, and depth. Detailed data description and assimilation can refer to
Matli et al (Matli et al., 2020, 2018). We further filtered the dataset by keeping those collected
between 3-80 m water depths because data beyond this range is sparse and hypoxia is extremely
rare below 80 m (Matli et al., 2018). Additionally, we only used observations collected from

May 1 to September 31 each year in the model development, as hypoxia occurs predominantly in
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the summertime and most of the water samples were collected during this period (see Figure

A3.0.2).
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Figure 3.2. The number of DO sampling locations in the Gulf by years and by sources. Data
sources: Louisiana Universities Marine Consortium (LUMCON), Southeast Area Monitoring and
Assessment Program (SEAMAP), Texas A&M University (TAMU), University of Maryland
Center for Environmental Sciences (UMCES), U.S. Environmental Protection Agency (EPA),
and Nutrient Enhanced Coastal Productivity Program (NECOP), and the Louisiana Department
of Wildlife and Fisheries (LDWF). The maps of sampling locations are shown in Figure A3.0.1.
3.3.3 Satellite data

Both the daily MODIS Aqua and Terra Ocean Color level-3 products were used in this study.
The data include global daily ocean color and satellite ocean biology data at approximately 4,500

m resolution. To predict hypoxia level, we considered all 14 available satellite-derived variables

from the aforementioned MODIS dataset, including ten ocean color bands (412, 443, 469, 488,
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531, 547, 555, 645, 667, and 678 nm) and four ocean biology variables (chlor_a - Chlorophyll-a
concentration, nflh - Normalized fluorescence line-height, poc - Particulate organic carbon, and
sst - Sea surface temperature) as inputs (see Table 3.1). Among these variables, Chlorophyll-a
concentration is a key proxy of eutrophication and algae blooms, which have the most direct
linkage with dead zones (Chen et al., 2014; Klemas, 2011, 2011; Le et al., 2016; Leming and
Stuntz, 1984). We also included wind speed and sea surface temperature which are reported to
play roles in the biophysical processes controlling hypoxia (e.g., photosynthesis, stratification)
(Altieri and Gedan, 2015; Breitburg et al., 2018; Jane et al., 2021; Limburg et al., 2020). In
addition, to capture the impact of water stratification on bottom water hypoxia, we used water
salinity, water velocity, and water temperature in the depth profile of 0-5000 m. These gridded
data were obtained from NOAA, the Hybrid Coordinate Ocean Model (HYCOM) consortium
(Cummings and Smedstad, 2013). Here, we used the gridded bathymetry data from the General
Bathymetric Chart of the Oceans (GEBCO) gridded bathymetric data set (GEBCO, 2019) to
determine the depth of the water bottom. To ensure cloud-free or near-cloud-free wall-to-wall
coverage, the imagery was composed by taking the median value of a given pixel every five
days. All the gridded data were resampled to the same resolution as the MODIS Ocean Color
products. In total, 24 satellite-derived variables were included in the initial analysis. More

detailed information on data sources and variables is listed in Table 3.1.

3.3.4 Dead zone prediction using satellite imagery
To detect dead zones (hypoxia beneath the water) from remote space, it is important to
understand the biological phenomena and underlying processes. Although the formation of dead

zones involves multiple complex biophysical and chemical processes (Figure 3.3), it is clear that
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in the Gulf of Mexico, hypoxia is usually preceded by coastal eutrophication and algae bloom
caused by excessive nutrient runoffs from the adjacent river basin, especially the Mississippi
River basin. Recent studies also reported global warming can also fuel the process of blooms and
seawater thermal stratification ) (Altieri and Gedan, 2015; Breitburg et al., 2018; Jane et al.,
2021; Limburg et al., 2020). Satellite remote sensing is a powerful tool for capturing the related
water surface changes, such as phytoplankton biomass (or chlorophyll concentration as a proxy),
colored dissolved organic matter load, and sea surface temperature (Le et al., 2014; Pekel et al.,
2016; Zhou et al., 2020), which can serve as important indicators for predicting dead zones

(Demeke, 2016).
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Table 3.1. Data sources

Data description Variables Resolution | Availability | Data source GEE Collection
MODIS Aqua chlor_a, nflh, poc, 4616 m; 2002-07-03 | NASA Goddard ee.ImageCollection("NASA/
Ocean Color level 3 |Rrs_412, Rrs_443, Daily — Now Space Flight Center, | OCEANDATA/MODIS-
product Rrs_469, Rrs_488, Ocean Ecology Aqua/L3SMI™)

Rrs 531, Rrs_547, Laboratory, Ocean

Rrs_555, Rrs_645, Biology Processing

Rrs 667, Rrs_678, sst Group
MODIS Terra (Same as above) (Same as 2000-02-24 | (Same as above) ee.ImageCollection("NASA/
Ocean Color level 3 above) — Now OCEANDATA/MODIS-
product Terra/L3SMI")
Pathfinder Version |wind_speed 4000 m; 1981-08-24 | NOAA National ee.ImageCollection("NOAA/
5.3 AVHRR Sea Twice-daily |- Now Oceanographic Data | CDR/SST_PATHFINDER/V
Surface Center 53")
Temperature Data
Hybrid Coordinate | velocity_u_x (Eastward sea | 8905.6 m; 1992-10-02 | National Ocean ee.ImageCollection("HYCO
Ocean Model, Water | water velocity at x m); Daily — Now Partnership Program | M/sea_water_velocity")
Velocity velocity_v_x (Northward (NOPP)

sea water velocity at x m)
Hybrid Coordinate | salinity_x (Sea water 8905.6 m; 1992-10-02 | National Ocean ee.ImageCollection(HYCO
Ocean Model, Water | salinity, in practical Daily — Now Partnership Program | M/sea_temp_salinity’)
Temperature and salinity units, at x m); (NOPP)
Salinity water_temp_x (Sea water

temperature at x m)
Gridded Bathymetry | Bathymetry ~450 m; 2020 British ee.ImageCollection("projects
Data NA Oceanographic Data |/sat-io/open-

Centre (BODC) datasets/gebco/gebco_grid™)
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Figure 3.3. Multiple factors and processes contribute to coastal dead zone

(1) Random forests

We used the Random Forest Regression (RFR) model to fit the DO observations with the
predictors mentioned above. Random Forest is well-known for its capability of capturing the
hidden patterns and nonlinear interactions between features in large and complex data and
enabling better predictions (Chen et al., 2019; Hutengs and VVohland, 2016). Besides, it can
handle high data dimensionality and typically achieve high accuracy (Belgiu and Dragut, 2016;
Breiman, 2001; Lin, 2017; Teluguntla et al., 2018). Here, the built-in Random Forest algorithm
in the GEE cloud computing platform was used, as it allowed us to develop a complete workflow

on a single platform and facilitate the application at large spatial scales.
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The flowchart for using RFR to estimate DO is illustrated in Figure 3.4. We first extracted
features from multiple satellite data described above and used these features as initial predictor
variables for RFR classifiers training. Water samples from 2000-2019 were used for developing
the dead zone model. We randomly selected 70% of the 8117 water DO measurement locations
(Figure 3.1) as training samples and the remaining 30% as testing samples (for validation).
Through repeated experiments and following previous work (Pelletier et al., 2016; You et al.,
2021), the “numberOfTrees” (i.g., the number of binary Classification and Regression Trees —
CART — used to build a Random Forest model) in our study was set to 99 and other parameters
were set by default in the GEE. Then, we selected 12 variables as the final predictor variables
according to the importance score of each input feature (Figure 3.5 and Figure A3.0.3). The
importance scores were derived from the RFR model and are often used to select important
predictor variables in order to reduce the computational cost and ensure the stability of the

classification results (Huang and Zhu, 2013; Xia et al., 2022).
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Figure 3.4. Flowchart for dead zone prediction with Random Forest Regression (RFR) model.
Satellite-derived variables (from MODIS and HYCOM) were integrated with water samples by
considering a list of potential time lags.
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Figure 3.5. Importance score of the selected variables in each lagged Random Forest Regression
model. Each panel presents the results from the models with a range of time lags. For example,
the panel named “0-5” shows the average variable importance from models with lagged satellite
predictors at 1-day lag, 2-day lag, 3-day lag, 4-day lag, and 5-day lag. The error bars represent
95% confidence intervals. Chlor_a — Chlorophyll-a concentration; nflh — Normalized
fluorescence line-height; poc — Particulate organic carbon, temp — Sea water temperature, lon —
longitude, lat — latitude, xxx_dif — the difference between values on the surface and bottom
water, DOY - day of the year. Refer to Table 3.1 for all other variable information. See Figure
A3.0.3 for the importance scores of all the 24 pre-selected variables.
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(2) Prediction performance

The prediction performance of the RFR models was evaluated with the commonly used
statistical metrics, including coefficient of determination (R?, equation 1), root mean square error
(RMSE, equation 2), and the mean absolute error (MAE, equation 3). Similar to many other
modeling studies (Linderman et al., 2005), we used a random 70% of the samples as the training
dataset and the remaining 30% as the testing dataset (for model validation).

Yro i = yi)?
R? =1 —=i=2t 7 1
Z?:l(yi _37)2 ( )

where y; is the true values of DO observation, ¥; is the estimated DO values, and y is the

average value of y;.

RMSE = [H=2I0" @
1 ~
MAE = = i=1lyi =il ©)

where the n is the total number of testing samples, y;is the true values of DO observation, ¥; is

the estimated DO values.

(3) Time lags in satellite prediction of bottom DO

As described in Figure 3.3, there is likely a time lag between what can be detected on the surface
(e.g., algae blooms, temperature variations) and hypoxia occurrence beneath the water. Although
not well studied, a few studies indicate the lag can range from days up to two months (Chen et
al., 2014; Justi¢ et al., 1993; Zhou et al., 2020). To empirically determine the appropriate time
lag for optimal prediction, we fitted DO with predictor variables collected at each different
possible time lag (from 0 day to 80 days, in each model tested, only one lag was included),

compared the model performance at each time lag, and chose the time window during which the
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satellite-derived predictors can achieve the highest performance. We chose to examine the 0-80
days range because earlier studies suggest the time lag ranges from days to up to two months

(Chen et al., 2014; Justi¢ et al., 1993; Zhou et al., 2020).

Our analysis shows that satellite-derived predictors collected on 30-32 days achieved the highest
prediction, with the highest R?, lowest RMSE, and MAE (Figure 3.6). Therefore, to implement
the RFR for hypoxia mapping, we chose satellite imagery from these date ranges as model

inputs.

Random Forest Regression

0.6 1

R2

0.51

Model Accuracy
o
RMSE

0.904

0.854

0.804

MAE

0.751

0.701 :

T T T T

-80 -70 -60 -50 —A;O -30 -20 -10 0
Time lag
Figure 3.6. Model performance for DO prediction with satellite predictors at different time lags.
Model performance is evaluated by R?, RMSE (mg/L), and MAE (mg/L) between estimated and
observed DO. Lines represent mean values, and shaded areas around the lines represent 95%
confidence intervals. The blue shaded area indicates the dates of satellite predictors that achieved
relatively highest accuracy.
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(4) Mapping intra- and inter-annual dead zone occurrence

We define the annual maximum dead zone as the total area of any locations that ever
experienced hypoxia during the summer period (May - September) each year. This outcome can
provide an estimation of the total affected areas, and our predictions can be also used to contrast
with the reported dead zone area by other agencies. To show the persistence of dead zones each
year, we used intra-annual dead zone occurrence (intra-DZO) to measure the frequency with
which dead zones occurred during the summer period each year. Intra-DZO is computed at the
pixel level, as the percentage of the number of days (d) with detected dead zone (DDZ) among
the total days with valid observations (VO) during the same summer period in a certain year (y),
as shown in equation 4.

intra DZ0, = (EDDZgy, [ £V0g4,) X 100% (4)

inter DZO = (£DDZ,, / 2V0,) x 100% (5)

Similarly, we used inter-annual dead zone occurrence (inter-DZO) to measure the variability in
the presence of dead zones across years. Inter-DZO is also computed at the pixel level, as the
percentage of the total years with detected dead zone (DDZ) among the total years with valid

observations (VO) across the 20 years (2000-2019), as shown in equation 5.

3.4 Results

3.4.1 Temporal changes of dead zones

Satellite imagery, combined with random forest machine learning techniques, can well predict
and map the Gulf hypoxic zones (R? = 0.64 +0.05). We found that the hypoxic area increased
steadily since 2000, peaking in 2009, then followed by a decreasing trend until 2013 and stayed

at a fairly consistent level at ~10,000 km? afterward (Figure 3.7). The decrease since 2009 is
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likely attributed to the Gulf Hypoxia Action Plan with the goal to reduce the size to less than
5000 km?. Even with the ambitious reduction goal and substantial achievement, the average size
was still persistently high beyond the red line (mean = 1124543574 km?, 2009-2019).

Most years, dead zones started to grow in June and peaked during mid-August and September
(Figure 3.8). From the beginning of the 21% century until 2011, the dead zones were not only
large in size but also persisted for over three months each year. Since 2011, the mega dead zones

(area > 5,000 km?) usually persisted for around one month or a shorter period.
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Figure 3.7. Annual dead zone area from satellite predictions (2000 - 2019). Dead zone = bottom
water hypoxia (< 2 mg/L of dissolved oxygen). The error bars indicate the standard error of
predictions (n = 30 days). Because the area of dead zone is changing over time within a year, we
used the top 30 maximum dead zone daily predictions during each summertime (note: dead zone
usually peaks in summer) to show the standard error of yearly maximum dead zone predictions.
The dashed horizontal red line denotes the goal of the Gulf Hypoxia Action Plan to reduce the
five-year running average size to less than 5000 km?. The light-gray line with dots shows the
area of hypoxia reported by Rabalais et al (see https://gulfhypoxia.net/research/shelfwide-
cruises, no data for 2016). Please note that the estimation by Rabalais et al was based on
snapshot data of water measurement and the geospatial interpolation approach, which are not
strictly comparable to our results. However, the trends from both studies show similarities.
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Figure 3.8. Intra-annual change of dead zones area over summer months. Dots show the
estimated dead zone area each day, and darker red colors indicate larger areas of dead zones.
Lines represent the smoothed conditional means by the local polynomial regression fitting
method. The shaded areas around the lines represent 95% confidence intervals. The dashed
horizontal red line denotes the goal of the Gulf Hypoxia Action Plan to reduce the five-year

running average size to less than 5000 km?.
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3.4.2 Spatial changes

Most dead zones were detected in the nearshore waters over the summer. We found that dead
zones occurred more frequently (> 40% of the 20 years) on the west side of the Mississippi-
Atchafalaya Rivers bird-foot estuary than in other regions (Figure 3.9). Nearly half of the hotspot
region experienced dead zones annually over the 20 years. In addition to the northern Gulf
region, we also detected dead zone occurrences at the Suwannee River estuary in the eastern

Gulf, which were rarely studied.

We further investigated the intra-annual dead zone occurrence each summer from 2000 to 2019
(Figure 3.10). Similar to the interannual dead zone occurrence, areas with high intra-annual dead
zone occurrence are mostly located in the northern Gulf region and at the estuary of Suwannee
River (Figure 3.10a). The area with over 60% dead zone occurrence over summertime (or over 3
months) exceeded the 5,000 km2 redline from 2001 to 2012, while the subsequent years were
below the line (Figure 3.10b). This indicates that dead zones became both smaller and less

persistent after 2012 than in earlier years.
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Figure 3.9. Inter-annual dead zone occurrence (%) during 2000-2019. All of the colored regions
demote dead zone occurrence (dissolved oxygen < 2 mg/L).
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Figure 3.10. The intra-annual dead zone occurrence (a), and the area with over 60% occurrence in each summer (b). All of the colored
regions demote dead zone occurrence (dissolved oxygen < 2 mg/L). The dashed horizontal red line denotes the goal of the Gulf
Hypoxia Action Plan to reduce the five-year running average size to less than 5000 km?.
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Figure 3.10 (cont’d)
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3.5 Discussion

This study presented the first spatiotemporal mapping of dead zones across 20 years using
remotely sensed imagery. The spatially explicit dead zone maps from this study reveal not only
the geospatial characteristic of the dead zones in the Gulf of Mexico but also the change over
time at multiple temporal scales (e.g., from days to years). This research, therefore, advanced
existing research by introducing and highlighting the usefulness of satellite imagery in modeling

and predicting coastal hypoxia.

Our results show the Gulf dead zones peaked in 2009 and faded afterward in terms of both size
and persistence (measured by intra-annual occurrence). Although the dead zone decreased in size
that likely attributed to the achievement of the Gulf Hypoxia Task Force (US EPA, 2008), the
average size was still twice beyond the targeted redline goal (targeting below 5,000 km?),

highlighting the critical need for continual management and monitoring efforts

3.5.1 Strengths of and uncertainties of using satellite imagery for dead zone prediction

Our approach using remote sensing provides insight into selecting important satellite-derived
variables and the appropriate time window for dead zone prediction. Previous research on dead
zone modeling and prediction rarely used satellite data (Forrest et al., 2011; Matli et al., 2020;
Murphy et al., 2011; NOAA, 2022; Scavia et al., 2017; Zhou et al., 2014), which might miss the
important spatial and temporal changes in coastal monitoring. We found the satellite-derived
variables can explain 64% (£5%) of the variance in bottom DO. Because traditional coastal
hypoxia monitoring based on cruise trips is constrained by weather conditions, funding

availability, and potential interruption of unexpected shocks, the ground measurements are
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limited in space and time (usually a snapshot at a certain time point in a year). These constraints
further limit the ability to estimate dead zone changes across space and over time. Ocean satellite
imagery such as MODIS and SeaWiFS, can supplement the ground measurements, and provide
long-term and large-scale information for coastal monitoring when integrated with ground
measurements. For example, MODIS-Terra/L3SMI and MODIS-Aqua/L3SMI used in this study
provide daily imagery since 2000. The SeaWiFS can provide similar satellite ocean biology data
dating back to 1997 on a daily basis. These data with rich information can be very useful for an
in-depth understanding of the coastal process. For instance, we used satellite imagery to explore
the appropriate time lags between seawater surface characteristics captured by satellite and
bottom hypoxia. Our analysis shows the time lag is most likely at 30-32 days on average. This
partly aligns with previous estimations. For example, a study in the East China Sea by Zhou et al
(2020) revealed a lag of 1-8 weeks, and Justi¢ et al (1993) implied a lag of up to 8 weeks.
Although our findings are supported by earlier studies, there is still a lack of sufficient and direct
evidence to determine the exact time lag between surface processes and bottom hypoxia. One
explanation could be that the time lag may vary across years due to changing climate and ocean
environment. Future studies can use more continuous ground measurements (e.g., buoy) and

more delicate process-based models to better examine the time lag issue.

Although satellite-based data are plentiful, they are prone to data gaps because of cloud and sun
glint, and inter-orbit gaps. Like most other time-series analyses using remote sensing, our
mapping also encountered missing pixel issues in our dead zone mapping (Figure 3.11). Those
data gaps might lead to underestimation of the coastal dead zones, despite better spatial coverage

than the traditional on-site measurements. Gap-filling using time series by taking the composite
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median or mean is the conventional way to address the gap, but might not be appropriate for
detecting time-sensitive changes, such as algae dynamics and the short-term dead zone
consequences. In addition, unlike the terrestrial landscapes, the spatial movability of water
requires that the ideal gap-filling techniques should consider the spatial dimension instead of
only the temporal dimension. Some have used a soap-film smoothing approach (Li et al., in
review; Wood et al., 2008) and deep learning approaches (L. Li et al., 2020; Shao et al., 2019),
which incorporated both spatial and temporal dimensions for imputation. Unfortunately, these
tools are either currently not available on the Google Earth Engine platform or require ancillary
satellite imagery that is not available for this study. Future advances in these techniques and data
fusion would promisingly address the data gaps. In addition to these data gaps in satellite
imagery that might limit dead zone mapping, the accuracy and representativeness of satellite-
derived variables might also influence model accuracy. For instance, the near-surface
concentration of chlorophyll-a derived from remote sensing reflectances is a widely used proxy
for detecting floating algae in open ocean environments (Hu, 2009), but still with some
uncertainties. Taking the chlorophyll-a product by MODIS-Aqua as an example, the mean
absolute error (MAE) is about 1.68 for a data range of 0.03 - 99.17 (Seegers et al., 2018).
Furthermore, different algae species can impact the representativeness of using chlorophyll-a as
the key variable for predicting dead zones. Not all algae are bad and lead to dead zones. For
instance, Sargassum is considered critical for protecting marine habitats and associated marine
species. While excessive Cyanobacteria, Dinoflagellates, Coccolithophores, and Diatom in
coastal oceans are mainly responsible for causing significant adverse impacts on ocean
ecosystems (Campbell et al., 2019). Our model did not tease out the “good” algae and thus might

lead to an overestimation. Distinguishing the species will be critical for further improving model
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accuracy and explanatory power. However, related algorithms for this effort have not been

developed.

Existing dead zone predictions usually refer to the hypoxic area estimations by the Louisiana
Universities Marine Consortium (LUMCON), which are based on water sampling by
midsummer cruises. We also overlaid our predictions with the LUMCON results (Figure 3.7)
and found both estimations show similar trends despite variations across years (Figure A3.0.2).
The estimations of dead zone areas by LUMCON were largely based on snapshot data of water
measurement and geospatial interpolation approaches, which are not strictly comparable to our
results. This is because the LUMCON cruise sampling dates varied on each individual trip and
also across years. As a consequence, it is possible that the measurements missed the timing for
capturing important water information. It is therefore important we integrate the discrete ground
measurements with the continuous satellite observations to construct models and characterize the
relationships in order to better understand the spatial and temporal dynamics of the coastal dead

Z0nes.
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2009-07-30

Figure 3.11. Two demonstrations of the predicted dissolved oxygen (DO) levels in the bottom
water. Pixels with DO less than 2 mg/L are classified as dead zones.

3.5.2 Important satellite predictors for dead zone mapping

Our analysis found that sea surface temperatures, remote sensing reflectance at band 678 nm (the
chlorophyll fluorescence emission spectrum), longitude, and chlorophyll a concentration are the
most important predictors in the RFR model (Figure 3.12). This partly aligns with previous non-
remote sensing studies, which demonstrated that algae bloom (or its equivalent net primary
productivity) and climate warming are two important explanatory variables in hypoxia prediction
models (Chen et al., 2014; Kim et al., 2020; Le et al., 2016). Climate warming has been well
demonstrated in the literature that warming has become the dominant factor causing
phytoplankton blooms and deoxygenation in both lakes and coasts (Altieri and Gedan, 2015;
Breitburg et al., 2018; Ho et al., 2019; Jane et al., 2021; Kim et al., 2020). The main mechanism
is that seawater warming can not only facilitate water stratification but also algae bloom (Dagg
and Breed, 2003; Matli et al., 2020; Rabalais et al., 2009). Water stratification makes dead zones

worse by preventing the water mixing that supplements oxygen to bottom water (Figure 3.3). In
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the Gulf, the increase of algae often aligns with the temperature rise (Figure 3.13a). Chlorophyll
a concentration and chlorophyll fluorescence (i.e., band 678 nm) both have been widely used as
proxies of algae blooms. Specifically, Chlorophyll a is the predominant type of chlorophyll
found in green plants and algae, and is used to measure the amount of phytoplankton in
waterbody. Remote sensing reflectance at band 678 nm is often used for measuring normalized
fluorescence height (nflh) —an important indicator of the physiological status of phytoplankton
(Behrenfeld et al., 2009), and it is also used in the Red Band Difference algorithms for detecting
algal blooms (El-habashi et al., 2016). Since algae have a short life span, and their growth and
death infuse rich organic matter into the bottom water, where the decomposition by bacteria can
lead to depletion of oxygen (Figure 3.3, https://www.epa.gov/ms-htf/hypoxia-101). Variables
used as proxies of algae bloom therefore are important for modeling hypoxia. In addition,
longitude is an important predictive variable, likely because longitude correlates with
temperature and higher longitude also indicates more adjacent to the coastal line and river
estuaries with relatively higher concentration of nutrients. We did not use nutrient loads as a
predictor in our model for two reasons: (1) the lack of spatial information on nutrient loads, and
these data were usually collected along river streams instead of in the coastal water; (2) there is a
strong lagged correlation (r = 0.60 £0.15, p < 0.001) between nutrient loads to the Gulf and the
chlor_a levels (Figure 3.13b) (Walker and Rabalais, 2006), but the latter is a more direct driver
of coastal water hypoxia and has spatial information from the satellite. Algal blooms
(represented by chlor-a and fluorescence measurements) have been widely recognized as the
dominant driver of hypoxia both in freshwater and oceans (Behrenfeld et al., 2009; Jane et al.,

2021; Scavia et al., 2017; Shen et al., 2019). Other factors, such as water salinity, and three water
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stratification-related variables (the difference between surface and bottom temperature, salinity,

and velocity) are also among the top 12 most important predictors (Figure 3.12).
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Figure 3.12. Importance score of the variables in the final Random Forest Regression model. The
error bars represent 95% confidence intervals. Chlor_a — Chlorophyll-a concentration; nflh —
Normalized fluorescence line-height; poc — Particulate organic carbon, temp — Sea water
temperature, lon — longitude, lat — latitude, xxx_dif — the difference between values on the
surface and bottom water, DOY - day of the year. Refer to Table 3.1 for all other variable

information.
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Figure 3.13. Temporal changes in chlor_a, (a) sea surface temperature (sst), and (b) nutrient
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Figure 3.13 (cont’d)
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3.5.3 Needs for long-term global studies on dead zones and telecoupled land-ocean systems

In addition to the Gulf of Mexico, the United Nations Environment Programme (UNEP) and the

Intergovernmental Oceanographic Commission also identified other 65 large marine coastal

ecosystems across the globe that experienced similar human and natural stressors, which could

potentially lead to interacting and cumulative environmental impacts and severe consequences

on human well beings (I0C-UNESCO and UNEP, 2016; UNEP-DHI and UNEP, 2016). To

address these widespread challenges, there is an urgent need for long-term, global-scale, and
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consistent coastal monitoring efforts. Our research, taking one of the largest coastal ecosystems
as a demonstration, provides a highly-reproducible approach (e.g., using freely available satellite
data and open-source algorithms on the GEE cloud computing platform) that can be easily
transferred to study other coastal ecosystems worldwide. The approach and data also provided a
foundation for using system thinking approaches to examine the linkages between large river
basins and the adjacent coastal ecosystems (Best, 2019; Breitburg et al., 2018), especially the
ones that are undergone serve impacts of dead zones (e.g., the Black Sea, the Gulf of Oman, and
the East China Sea). Studies show most of the coastal eutrophications leading to harmful dead
zones are driven by human pollution inputs from terrestrial ecosystems (e.g., excessive use of
chemical fertilizers from agriculture, and animal manure). The integrated framework of
telecoupling thus can be used to link distant places in the watershed that apply excessive
fertilizers with the coasts that are suffering hypoxia issues (Hull and Liu, 2018; Liu et al.,
2018a). Building such linkages can help predict the timing and amount of the excessive
fertilizers that reach global coasts based on the locations of fertilizer applications and leakages as
well as the speed of river water flows. Such information can help policymakers develop more

integrated strategies to tackle nutrient reduction challenges and coast dead zone issues.

Uncertain climate change and the growing global population are projected to increase the
intensity, duration, and spatial extent of global dead zones (Fennel and Testa, 2019; 10C-
UNESCO and UNEP, 2016; Sinha et al., 2017). Therefore, improving the understanding of both
past and future dead zone dynamics under climate change is urgently needed for early
conservation actions (Dom nguez-Tejo et al., 2016; Ménesguen and Lacroix, 2018). Our study

demonstrated that remote sensing with long-term, consistent, and global observation can help
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track the spatiotemporal variation of large-scale coastal systems in combination with the
traditional in-situ field measurements. Future studies can build on the data and approaches
developed and used in this study to further integrate satellite imagery, climate, and
socioeconomic scenarios to predict future trends of coastal dead zones across space and over
time. Sustainably managing and protecting marine and coastal ecosystems from pollution is
among the United Nations Sustainable Development Goals. This research demonstrated that
remote sensing big data can provide a new way and critical data products for coastal ecosystem

assessments and management.
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CHAPTER 4. FOOD DEMANDS ELSEWHERE ARE ALSO RESPONSIBLE FOR THE

LOCAL FOOD-ENVIRONMENT TRADE-OFFS

4.1 Abstract

Globalization and specification have distanced production and consumption, which makes it
more challenging to track environmental responsibility associated with the traded goods and
services. Particularly, the environmental impacts of food and agriculture are substantially large.
For instance, intensive agriculture and excess nutrient use in the U.S. Midwest have caused
severe waterway pollution in the Mississippi River basin and the dead zone in the Gulf of
Mexico. Research and measures have mostly focused on the production systems, while few have
considered the potential responsibility of remote consumers. For instance, downstream food
consumers who suffer water pollution and eutrophicated coasts could also be the ones who
contributed to excess fertilizer use in the upper streams. To better understand food system’s
environmental impacts and account for the associated environmental responsibility, this chapter
investigated the flow of virtual nitrogen surplus embodied in food trade among 132 regions in
the U.S. The analysis found that 17.1% of the N surplus is from food consumption elsewhere but

not local. The U.S. Midwest bears most of the N surplus burdens for the nation, with 27% ( =+

0.5%) contributed by the lower Mississippi River basin and states other than the basin. There are
chances that restructuring food flows could reduce nutrients into the Mississippi River, but with
the risk of causing spillover effect on other regions and increase the national total N surplus to
the environment. Compared to existing studies that track physical nutrient flows across
landscapes, this work offers a new perspective by tracking the embedded virtual nutrient flows in

food across regions at the subnational level. The analysis thus can help identify who else other
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than food producers should be responsible for the environmental impacts of food systems, and
the findings (e.g., the displaced virtual N surplus) can serve as novel alternative indicators for

determining the payment for ecosystem services.

4.2 Introduction

The world has become increasingly interconnected through trade among regions nearby and
faraway. Large river basins span multiple states or regions can add more complexity to
interregional interconnections (e.g., upstream-downstream relationships) through the natural
interlinkages — river flows. For example, the U.S. Midwest in the upstream of the Mississippi
River basin with intensive agricultural activities has long been blamed for leaking excess
nutrients into waterways and leading to growing coastal "dead zones" in the Gulf of Mexico
(Breitburg et al., 2018; Tian et al., 2020). Tremendous land conservation and nutrient reduction
strategies have been taken, but the water quality issues across the watershed and subsequent
eutrophication in the Gulf are still concerning (Murphy et al., 2013; Roy et al., 2021; Tian et al.,

2020).

Past studies have provided in-depth and rich knowledge on how multiple socio-environmental
factors (e.g., fertilizer use, atmospheric N deposition, land-use changes, climate variability) have
affected the loading of total nitrogen in the Mississippi River basin. The data products (Byrnes et
al., 2020; Cao et al., 2018) and findings (Meter et al., 2018; Roley et al., 2016) thus provided
valuable information for identifying hotspots and implementing targeted nitrogen management
strategies in the agricultural production systems (Roy et al., 2021). Despite the importance of

sustainable production, recent studies have also highlighted the critical role of responsible
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consumption in addressing environmental challenges and sustainable development goals (Li,
2021; Wiedmann and Lenzen, 2018; Xu et al., 2020c). The logic behind this claim is that
demand could be a major driver of unsustainable production. While many studies have discussed
the responsibilities of consumers, they generally do not explicitly state that the consumers could
also be the victims of environmental pollution. Taking the river basin as an example,
downstream consumers can be beneficiaries and victims of as well as contributors to food
production upstream. Disentangling this paradox phenomenon is important to promote
interregional environment governance and urge consumers to change consumption behaviors or
switch to more sustainable and environmental-friendly food supply chain alternatives. To fully
understand the coupled food and environment systems and explore alternative ways to address
food-environment tradeoffs, it is important to approach the issue from both production-based and

consumption-based accounting perspectives, especially the understudied consumption side.

In an increasingly interconnected world, production and consumption are largely spatially
segregated while reconnected through distant commaodity trade (Liu, 2020). It is thus challenging
to accurately track how much environmental impact was imposed on the producer region by the
distant consumers. Methods such as life-cycle assessment and environmental footprint
approaches offer a feasible way to estimate the impacts by measuring the embedded
environmental cost in commodity trade (Cucurachi et al., 2019; Fang et al., 2014; Galli et al.,
2012). Related studies have mostly been carried out at the global scale (Lassaletta et al., 2014b;
Schipanski and Bennett, 2012; Xu et al., 2019a), because international agencies, such as Food
and Agriculture Organization Statistical Databases (FAOSTAT) and United Nations Commodity

Trade Statistics Database (UN Comtrade), provide detailed bilateral international trade statistics
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that can be used to measure the environmental footprints in traded commodities. However, few
studies have been done at the subnational level due to the data availability, but see (Mahjabin et
al., 2021; J. Wang et al., 2022). Think globally, act locally — a subnational analysis of

environmental footprints can allow us to know which specific areas are susceptible to displaced

environmental burdens and what targeted measures can be taken.

To narrow such knowledge gaps, the objective of this study aims to address the following
questions. (1) Which regions’ demand drove the food production in the U.S. Midwest? (2) How
much virtual nitrogen surplus was displaced through food flows? And which regions contributed
most to the nitrogen surplus in the environment? (3) How would the spatial pattern of N surplus
change if the food supply chains were modified? To answer these questions, we compiled the
U.S. interregional food trade information from the Commodity Flow Survey database, which
covers commodity flows among 132 sub-regions (including 84 major metropolitan areas and the
remainder of the states) in 50 states. In this study, we focus on major raw agricultural food,
including seven cereal grains and seven livestock/poultry, because their productions are directly
linked with land use and environmental impacts (see Methods 2.2). We are primarily interested
in reactive nitrogen (i.e., all the nitrogen species except N2) embedded in food production as
reactive nitrogen is more mobile in the environment and is also the major cause of Gulf

eutrophication and dead zones.
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4.3 Materials and methods

4.3.1 Study area

The U.S. is one of the major agricultural suppliers as well as consumers in the global food supply
chain networks (Chung and Liu, 2022). Many studies have examined its role in the international
food trade networks (Berfin Karakoc and Konar, 2021; Dalin et al., 2017; Herzberger et al.,
2019; Lassaletta et al., 2014b; Pastor et al., 2019), but much less on its domestic food systems
(but see (Karakoc et al., 2022; J. Wang et al., 2022))). Studying food flows and the associated
environmental impact at the sub-national scale has important implications because the U.S.
Midwest, or most of the upper stream of the Mississippi River basin, has long been blamed for
dumping excessive agricultural nutrients into the watershed systems, degrading water quality
along the streams as well as contributing to the growing hypoxic dead zones in the Gulf of

Mexico.

Considering both the socioeconomic interactions (e.g., food trade) and the embedded
environmental interactions between systems, can help us have a holistic understanding of the
coupled human-environment systems for interregional policy making. System thinking can help
ignite new hypotheses, for instance, whether downstream food consumers who source food from
upstream should be also responsible for the water pollution, although they do not physically
involve in food production activities (Figure 4.1). This information could be useful for
interregional watershed governance, such as through the payment for ecosystem services. We
followed the integrated framework of metacoupling (socioeconomic-environmental interactions
within a region, between the region and adjacent regions, and between the region and distant

regions) (Liu, 2017), and viewed the food sending regions and receiving regions as well as
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spillover regions (regions that are affected by the interactions between sending and receiving
systems) as a metacoupled system. In this study, we are particularly interested in the
interregional food flows and virtual N flows. We divided the U.S. into two major regions — the
Mississippi River basin (MRB), and non-MRB (i.e., the remaining states). Since we focus on the
MRB and the upper basin is the main food production region as well as the origin of nutrient
pollutants, while the lower basin has more population and usually is the victim of nutrient run-

offs, we further divided it into upper and lower MRB for convenient reference (Figure A4.0.1).

4.3.2 Agricultural food flows at subnational levels

We compiled sub-national level food trade data from the Commaodity Flow Survey (U.S.
Department of Transportation and U.S. Department of Commerce, 2020), which detailed the
types of food commaodities shipped among 132 Freight Analysis Framework locations (i.e., FAF
Zones, including 84 major metropolitan areas and remainder of the states) in the U.S. The
Commodity Flow Survey is conducted every five years as part of the Census Bureau’s economic
census. Freight shipments within the Commodity Flow Survey dataset are grouped into 42
classes using the two-digit standard classification of transported goods (SCTG). For each class of
commodities, the data provides information on the origin and destination, value, weight, mode of
transportation, distance, and ton-miles of commaodities shipped. This unique data enables us to

understand the food flows and associated environment footprints at fine spatial scales.

In this study, we primarily focus on raw agricultural food goods because their production process
is directly linked with environmental impacts and it is feasible to quantify these impacts with

available data. Therefore, processed food products were excluded. Admittedly, this exclusion
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likely underestimates the virtual N flows because much of the raw foods are likely processed in
the nearby regions and then transported to distant consumers. However, there is no available data
that can track the full food supply chains, i.e., from production, and processing, to final
consumers. In this sense, the food users in this analysis represent a mix of food processors and
final food consumers. Despite the limitation, our analysis focusing on interregional raw food
flows is still a useful attempt, and the findings will be especially useful for food companies to be
aware of the sustainability of their upper stream supply chains. Raw agricultural food goods,
including SCTG 01 - live animals and fish (including cattle, hogs, chickens, broilers, turkeys,
sheep, horses, and live fish) and SCTG 02 — cereal grains (including crops such as corn, wheat,
rice, rye, barley, oats, sorghum), were subset from the Commaodity Flow Survey dataset for
analysis. This subset contains flows of cereal grains between 132 FAF Zones, with 32, 952
potential links. The subnational food flows are similar to the international trade, and some
regions serve as the “re-export transit stations”, but not the original producer of food. To reduce

the complexity, we simplified the food flows by only retaining the net outflows.

We compiled data on production and fertilizer application for each crop at the county scale from
the USDA’s Agriculture National Agricultural Statistics Service (NASS). For animal source
foods production estimation, we used the number of animals in each livestock category (e.g.,
cows, hogs, poultry, sheep, and horses) in each county and the average animal weights from the
U.S. Department of Agriculture (USDA, 2022), based on federally inspected averages of live-
slaughter weights in pounds in the same year. In total, 3142 counties and county-equivalents are
included in this analysis. Since the FAF Zones are clusters of U.S. counties, we linked the two

datasets and aggregated county-level calculations to coarse FAF zone levels for analysis.
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4.3.3 Measure the shifted environmental burdens carried by food flows

In the food trade networks, along with the agricultural products, there are also virtual
environmental burdens (e.g., virtual nutrients) moving between the food sending systems and
receiving systems. This study focuses on quantifying the nitrogen surplus embedded in food
flows because the surplus is deemed as the proportion that leads to environmental pollution.
Research finds that globally only around 35% of nitrogen fertilizer is used by crops, while almost
two-thirds of the remaining become environmental pollutants by running off into our rivers,
lakes, and natural environments (West et al., 2014). The US has high nitrogen use efficiency but
still about one-third of the applied nitrogen is lost to the environment (Lassaletta et al., 2014a).
We measured nitrogen surplus by multiplying the weight of a traded agricultural commodity by
its NS rate, which is the nitrogen surplus generated by producing one unit of this agricultural
commodity assuming producing each unit of food involves additional agricultural inputs (e.g.,
fertilizers), as well as extra environmental impacts. The equation for calculating the NS flows of

a food flow is as follows (equation 1):

NS??* = FFP® x NSR? (1)

where NS?? is the virtual nitrogen surplus embedded in the trade of product i flowed from origin
region (o) to destination region (d), FF?? is the volume of food flow from origin region (o) to
destination region (d), and NSR? is the nitrogen surplus rate of product i originated from region
0. Because nutrient inputs vary across regions, the use of NSR by origin can more accurately
capture the shifted environmental burdens in food flows, thereby improving the traceability

(Kastner et al., 2011; MacDonald et al., 2015).
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Following previous studies (Byrnes et al., 2020), we used the difference between nutrient inputs
and outputs to estimate NS. The nutrient inputs include the application of fertilizers, atmospheric
deposition, and biological N fixation, and the output is mainly crop uptake (Figure 4.1). We
calculated the NS for each crop by county using data from NASS. Detailed parameters for
calculating the N inputs and output can be found in Table A4.0.1 and Table A4.0.2. Due to the
lack of specific crop information in the food flow data, we used the average NSR for the cereal
grain category (i). This average NSR was calculated as the total NS and the total production of
the seven crops (PR,) under the cereal grain category (equation 2). For animal-sourced nutrients,
which are mostly from manure, we used the county-level estimates of kilograms of nitrogen from
animal manure by the U.S. Geological Survey (USGS) (Falcone, 2021). Briefly, nitrogen from
animal manure was calculated by multiplying the number of animals (in each county in each
livestock category, e.g., cows, hogs, poultry, sheep, and horses) by the nutrient content formulas
given in earlier studies and the animal-weight coefficient (Falcone, 2021; Gronberg and Arnold,

2017).

NSR? = Ze=NSe )

— yn
Zc=1PRC

The total NS outflows of a region were calculated as the sum of all the net outflows from the
region, and the total NS inflows of a region were calculated as the sum of all the net inflows to
the region. The former can be viewed as the extra environmental burden bear by a net exporter of
food, while the latter can be viewed as the environmental responsibility of a net importer of food.
We further calculated each region’s actual environmental responsibility by either subtracting the

total outflow (for the net food exporters) or adding the total inflow (for the net food importers).
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Figure 4.1. Food flows and the embedded nitrogen (N) surplus flows (a), and a conceptual
diagram showing N inputs and outputs in the agricultural food production systems (b). In (a),
orange arrows represent the direction of food flows, while dashed purple arrows indicate the
virtual N footprint (or more broadly known as the environmental impacts) a net food importer
imposed on the food exporter regions. The adjacent directed-flows can be viewed as
pericouplings, and distant ones can be viewed as telecouplings.

4.4 Results

4.4.1 Food flows show food production for whom

40.2% of the cereal grain food flows by weight are interregional flows, and the remaining 59.8%
are self-loops, i.e., foods were distributed to regions within the same FAF zone or states. The top
10, or 1.0%, of the food flows (n = 32, 952) account for 42.7% of the total amount of flows.

These top 10 are all food flows within a state (Table 4.1). Food flows within lowa ranked on the

top, with 56.9 million tons of cereal grains transported within the state.

If excluding self-loops, 53.4% of the cereal grains produced in the Midwest went downstream of
the Mississippi River basin (27.5%) and regions outside of the basin (25.9%). Ranked by
interregional flows, the top 10 accounts for 23.5% of the total interregional flows. We found
most of the cereal grains flowed to the faraway regions, particularly, the State of Louisiana in the
lower Mississippi River basin. Two large flows went to the western US — Portland-Vancouver-

Salem FAF zone in Oregon and Washington (Table 4.1, Figure 4.2).
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Different from cereal grains, the majority (66.3%) of the animal source foods flows are
interregional flows, but most of which are relatively short-distance flows within the Mississippi
River basin (83%) (Figure 4.2b). The exceptions are animal source foods flows from
Pennsylvania to Philadelphia-Reading-Camden and New York-Newark, from Missouri to North

Carolina, and from Kentucky to Texas (Table A4.0.3).
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Table 4.1. The top 10 net flows of cereal grains (SCTG = 02) in 2017

Rank | From To Million
Tons
1 Remainder of lowa Remainder of lowa 56.9
5 Hgvr:]'rgélne;niﬁ/_lﬁ/tgﬂe' New Orleans-Metairie-Hammond, LA-MS | 38.5
3 Remainder of Nebraska Remainder of Nebraska 35.4
4 Remainder of Kansas Remainder of Kansas 33.2
5 Remainder of Texas Remainder of Texas 27.4
6 Remainder of Minnesota Remainder of Minnesota 27.3
7 Remainder of Illinois Remainder of Illinois 18.2
8 Remainder of South Dakota Remainder of South Dakota 14.0
9 Remainder of North Dakota Remainder of North Dakota 10.8
10 Remainder of Washington Remainder of Washington 10.2
(Interregional flows, after excluding self-loop flows)
1 Remainder of Illinois St. Louis-St. Charles-Farmington, MO-IL | 7.6
2 Remainder of Minnesota Portland-Vancouver-Salem, OR-WA 7.2
3 Remainder of Illinois Chicago-Naperville, IL-IN-WI 6.4
4 Remainder of Illinois Baton Rouge, LA 6.3
5 Remainder of Illinois New Orleans-Metairie-Hammond, LA-MS | 6.2
6 Chicago-Naperville, IL-IN-WI | New Orleans-Metairie-Hammond, LA-MS | 5.7
Remainder of Indiana AtIgnta—Athens-CIarke County-Sandy 50
7 Springs, GA
8 Remainder of Indiana New Orleans-Metairie-Hammond, LA-MS | 4.5
9 Remainder of Montana Portland-Vancouver-Salem, OR-WA 4.1
10 Iggrrl;l?rl:éstosnt '\lerg-rllis- New Orleans-Metairie-Hammond, LA-MS | 3.9

* The two-uppercase-letter abbreviations denote the state names.
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Figure 4.2. Top 100 net flows of cereal grains (a) and live animals (b) in 2017. The top 100
account for 84 % and 95% of the total interregional flows of cereal grains and animals,
respectively. The deep-dark region represents the Mississippi River basin.

4.4.2 Virtual nutrient flows reveal the displaced environmental responsibility

Tracing the flows of virtual N surplus in food flows can reveal who is responsible for the distant
environmental impacts, and by how much. In an opposite direction, large food receiving systems
are usually the ones imposing a large amount of virtual N surplus on the food sending systems

(Figure 4.3, Figure 4.4). For instance, New Orleans-Metairie-Hammond in Louisiana, Portland-

Vancouver-Salem in Oregon, and Washington displaced the largest amount of N surplus to the
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U.S. Midwest by importing cereal grains (Figure 4.3a). While for the animal source foods flows,
North Carolina, New York, and Texas contributed almost 54.2% N surplus elsewhere regions in
the U.S., such as Minnesota, Missouri, Nebraska, Pennsylvania, Alabama, and Kentucky (Figure

4.3b).

After totaling the N surplus displaced through the interregional flows of both cereal grains and
animals, we found that coastal states are usually the large virtual N surplus pressure sending
systems (Figure 4.4a), while states in the Midwest are the major virtual N surplus pressure
receiving systems (Figure 4.4b). There are a few exceptions. A few metropolitan areas, such as
Omaha-Council Bluffs-Fremont in Nebraska, Kansas City-Overland Park, Wichita-Arkansas
City-Winfield in Kansas, and Tulsa-Muskogee-Bartlesville in Oklahoma, are both major sending

and receiving systems of virtual N surplus (Figure 4.4).
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Figure 4.3. Top 100 net flows of virtual N surplus ebedded in the flows of cereal grains (a) and
live animals (b) in 2017. The deep-dark region represents the Mississippi River basin.
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Figure 4.4. Total N surplus that displaced elsewhere by virtual N sending systems (a), and the
total N surplus that is bore by virtual N receiving systems (b). Total N surplus is the sum of those
in both cereal grains and animal flows.
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4.4.3 Change in food flows can lead to redistribution of N surplus

Food production and supply are closely linked with nutrient use and surplus. Changes to food
supply chains can not only lead to redistribution of food but also nutrient surplus to the
environment. In 2017, the total virtual N surplus flows accounted for 17.1%, with the top 10
flows accounting for 3.6%, of the total N surplus from the U.S. agricultural production system. If
the food supply chains were disrupted (i.e., no interregional food flows), and assuming each
region must produce the same amount of food they used in 2017 and with the local nutrient use

efficiency, the N surplus would be re-distributed across the U. S’s landscape (Figures 4.5a, 4.5b).

This hypothetical scenario could potentially reduce the N surplus to a large area in the
Mississippi River basin, especially the upper basin (reduce 0.61 billion kg, or 12%) (Figures
4.5b, and 5¢). However, the whole basin would still suffer more N surplus (+0.6 billion kg, or
+10%) (Figure 4.5c¢). This increase is mainly due to the likely surge of N surplus in the New
Orleans-Metairie-Hammond, LA-MS CFS Area. Meanwhile, the U.S. as a whole would generate
more N surplus (+1.68 billion kg, or +17%) into the environment, indicating environmental

spillover effects.
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Figure 4.5. Total N surplus in food production (a), and its change if food supply chains were
disrupted (b, and c). NS — N surplus, MRB — Mississippi River basin, USA — United States of

America.

4.5 Discussion

In this study, we investigated the flow of virtual nitrogen surplus transferred through food flows

at the subnational level. Compared to existing studies that track physical nutrient flows across

landscapes, this work offers a different perspective to approach the excessive nutrient issue and

the pathways to the environment.
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4.5.1 Implications of tracking virtual nutrient flows

We found that 17.1% of the N surplus of the U.S. agricultural production is embedded in food
flows to other regions, but not for local use. The U.S. Midwest bears most of the N surplus
burdens for the nation. There are chances that restructuring food flows could reduce the excess
nutrient in the Mississippi River, because regions with N surplus reduction potentials are largely
located in the basin (Figure 4.5). In practice, it would be very challenging to modify food supply
chain systems in order to reduce nutrient pollutants, while the quantitative measurement of
virtual N surplus embedded in food flows could be useful for interregional watershed
governance. For example, since importing food indicates the transfer of the environmental
burden from food receiving systems to food sending systems, the transferred N surplus can thus
serve as a novel alternative indicator for the payment for ecosystem services (Liu and Yang,

2013).

In addition, we constructed a food supply chain disruption scenario to estimate the potential
impacts of food flow changes on N surplus redistribution. The scenario analysis revealed that if
cutting off the existing food trade flows, the U.S. would be likely to generate an additional 17%
N surplus to the environment. This demonstrated that the current US food supply-demand system
is still environmentally efficient, i.e., the system as a whole can meet food demands through
interregional trade and maintain a relatively overall low N surplus to the environment. This
makes sense because the U.S. Midwest is characterized by great plains and fertile soils, which is
an ideal place for agriculture. Additionally, both the N surplus rate (NSR) of cereal grains and
livestock productions in the Midwest are lower than in other regions (Figure 4.6), indicating high

N use efficiency. Alarmingly, we found the NSRs of both foods in the lower Mississippi river
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basin are nearly twice or triple the rates in the U.S. Midwest. These regions are more adjacent to
the estuary and more likely to cause nutrient leakage to the coastal system and fuel the hypoxic
zone. The Mississippi River Basin Initiative (MRBI) has targeted the lower stream basin as the
largest “MRBI Focus Area Watersheds” since 2010 (US EPA, 2015), but the NSR remained high
in this region. More radical approaches and integrated policies might help. For instance, Liu et al
(Jing Liu et al., 2022) suggest policy combinations (wetland restoration + improved N use

efficiency + a leaching tax) could reduce the Mississippi River N load by 30-53%.

NSR (g/kg)

2454
84.1
75.0
71.5
69.1
48.8

NA

Figure 4.6. N surplus rate of cereal grains (a) and animals (b) by county
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4.5.2 Uncertainty in virtual N surplus estimation

This study focuses on the flows of major cereal grains and animal source foods
(livestock/poultry) for measuring the virtual N surplus flows. This is because the primary
production of these foods is closely linked to nutrient inputs and outputs, and there are data
available for the quantifications. We excluded processed food products mainly because there is
no feasible way to trace their production origins and therefore making it challenging to measure
the embedded N surplus in the products. Therefore, this analysis did not cover the full food
supply chain (i.e., from production, to processing, and to final consumption), but largely food
flows from “production to processing”, although part of which reached final consumers. In other
words, the food users in this analysis represent a mix of food processors and final food
consumers. Admittedly, the incomplete supply chain analysis likely leads to an underestimation
of the virtual N flows because much of the primary foods are processed before reaching the final
consumers. However, data limitation prevents such a thorough analysis. We also did not consider
vegetables and fruits, which account for ~ 25% of the food production in the U.S., mainly
because of the lack of sufficient and accurate information to link the production data with food
flow data. We rather focus on the major food items with validated data to present a solid
demonstration. Without including other food items can lead to an underestimation of the virtual
N surplus because the N surplus rate of some vegetables can be higher than crops, although their
production is much smaller compared to major crops (Sun et al., 2018). Despite these limitations,
our analysis and findings will be useful for understanding the sustainability of one of the key

processes of food supply chains.
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Another uncertainty is inherited in the dataset itself. Noted that food flow estimation by the CFS
relies on samplings and the survey covers about 710,500 establishments, mostly in the wholesale
and retail industries (US Census Bureau, 2020). Consequently, the food flow estimation reported
by CFS could be lower than the actual values. Nevertheless, this dataset provides by far the most

comprehensive and accurate food flow information at the subnational level.

Finally, we use N surplus as an intuitive indicator to estimate the amount of pollutants that are
most likely released into the environment. Since the process from N surplus to causing
environmental impacts (e.g., water pollution) is also controlled by other factors, such as run-offs
and adjacency to rivers, future studies need to use spatially explicit hydrological models (Wan et
al., 2019) to better understand the extent to which N surplus redistribution due to food supply
chain changes could reduce or increase the nutrient runoffs to rivers. This will be critical to
understanding how food system transformations can help mitigate dead zone challenges in the

Gulf of Mexico.

4.5.3 Future studies on tracking long-term and cross-scale food footprints

Our research took the most recent and available data year in 2017 as a case study, future research
can include earlier years (2007 and 2012) for time-series analysis and test other interesting
hypotheses and research topics. For example, 2012 is a drought year, researchers can use this
year to examine the effects of natural shocks on food flows and associated virtual water use for
food system resilience. The incoming 2022 Commodity Flow Survey data will be very useful to

take COVID-19 as a natural experiment (Diffenbaugh et al., 2020; Liu et al., 2020; Yao et al.,
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2021) and examining the effects of food flow disruption on nutrient surplus. This could be used

to compare to the scenario analysis in this study and validate our findings.

This analysis focused on the interregional food flows within the contiguous U.S. but did not
include the international food trade. An earlier study has found that the weakened food trade
between US-China through the “trade war” can result in increases in nitrogen pollution in the
United States (Yao et al., 2021). Future research can further integrate domestic food flows and
international food trade data and use the telecoupling framework (J. Liu et al., 2015a) to
investigate which specific regions in the U.S. would be most susceptible to disrupted
international food supply chains and to what extent domestic food trade can buffer the impacts of
the disturbance from the international market. A holistic understanding of the local and distant
environmental impacts of agricultural food systems can facilitate synergically achieve multiple
sustainable development goals, such as food security (SDG 2), clean water (SDG 6), responsible

production and consumption (SDG 12), and coastal health (SDG 14).
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CHAPTER 5: METACOUPLING IMPACTS ON ACHIEVING NATIONAL SDGS

5.1 Abstract

In an increasingly interconnected world, each country’s ability to achieve the United Nations
Sustainable Development Goals (SDGs) can be affected by external effects from other countries.
For example, importing beef and soybeans to enhance domestic food security can lead to
deforestation in exporting countries. Yet, little research has comprehensively evaluated these
transnational effects in tracking countries’ SDG progress. Ignoring these transnational effects
may result in one country achieving the SDGs at the cost of others or missing positive synergies.
To evaluate such effects, this chapter first quantified the international flows of resources and
embedded socio-environmental footprints in trade, and used the amount of flows relative to
country’s resources and environment carrying capacity to quantify the transnational effects on
each of the 17 SDGs for 189 countries. The analysis found that transnational interactions (e.g.,
trade) could help improve the national SDG Index by 19.4%. At the country level, 91% of
countries (accounting for 94% world population) improved their SDG Index through
transnational interactions. Despite the overall benefit, it found that, among the 17 SDGs, 16
benefited from international interactions while one (related to social fairness) was negatively
impacted. Further, this research found that high-income countries generally benefited more,
while low-income countries benefited less and were occasionally disadvantaged. Such negative
transnational impacts were dominantly generated by a few powerful high-income countries,
while impacted countries are mostly developing. Transnational impacts more frequently occurred
among distant countries with unequal economic levels and benefited high-income countries

more. Nevertheless, these distant interactions (known as “telecouplings”) played a larger role in
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advancing countries” SDG progress. This study quantified the often-ignored transnational
impacts on achieving sustainability, therefore, informing how (inter)governmental agencies can
target the negative transnational impacts and empower disadvantaged countries to achieve SDGs

globally.

5.2 Introduction

Many global change challenges are transboundary and entwined to affect the progress towards
the Sustainable Development Goals (SDGs) (Liu, 2018; Sachs et al., 2020; Xu et al., 2020c).
However, SDG assessments have largely focused on evaluating the progress within
administrative boundaries (e.g., individual countries or states) (Sachs et al., 2020; Xu et al.,
2020a), and there is little knowledge about the transboundary impacts on SDGs across multiple
systems. For instance, transnational flows of goods, services, capital, information, and people
increased dramatically in recent decades, underpinning a world that is more interconnected than
ever (J. Liu et al., 2015b; Liu et al., 2018b). As a consequence, one country’s policies or actions
can have expected and unexpected transnational impacts (TNIs) on other countries’ efforts to
achieve sustainable development goals. Studies have revealed that developed countries tend to
transfer energy- and carbon-intensive industries to less developed countries, which hinders the
progress towards goals such as climate and sustainable industries in those less developed
countries (Sachs et al., 2021; Xu et al., 2020c). In addition to the prominent environmental TNIs
such as carbon leakage (Feng et al., 2013) and biodiversity loss (Lenzen et al., 2012), recent
studies have called for extended attention to the often ignored TNIs in the social dimension (e.g.,
vulnerable employment, child labor, and health risks) (Alsamawi et al., 2017b; Chung et al.,

2021; Simas et al., 2014; Xiao et al., 2017) and the economic dimension (Malik et al., 2021a).
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With the increasing frequency and intensity of transboundary interactions (e.g., trade) between
countries (Tromboni et al., 2021), it is urgent to know the extent to which these transnational
interactions shape national performance toward the 17 SDGs. Ignoring these TNIs may result in
achieving one country’s SDGs at the cost of others, or miss opportunities for synergistic co-

actions.

Existing studies have attempted to use a spillover index, consisting of a list of indicators, to
measure the external impacts one country may generate (Sachs et al., 2021, 2020; Schmidt-Traub
etal., 2017; Zeng et al., 2021). Yet, it is still not clear to what extent the effects can impact SDG
performance. With a recent study revealing that international trade can impact nine environment-
related SDG targets (Xu et al., 2020c¢), it is also pressing to know how international trade can
affect a broad spectrum of other SDG goals and targets (i.e., not only environmental, but also
social, economic, and national security dimensions), as well as how other types of TNIs besides
international trade may affect SDGs. Furthermore, most of these studies only examined the
aggregated TNIs of one country on the rest of the world (Sachs et al., 2021; Xu et al., 2020c),
while the information on how each country-pair influences each other is still missing. Such
information is urgently needed for (inter)governmental agencies to target transnational impacts,
and minimize their negative impacts (e.g., carbon leakage) while enhancing the positive ones
(e.g., food security via trade) to achieve all SDGs globally. It is particularly important to identify
such gaps now as the world is at the critical beginning stage of the UN Decade of Action to

achieve its Sustainable Development Goals by 2030 for all.
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Here, we report the first global analysis of the impacts of a range of TNIs on achieving national
SDGs. Specifically, we address: (1) Which SDGs are most affected at the global scale, and to
what extent? (2) How do the impacts vary across economic development levels and locations?
(3) Which countries made the most impact, and which were most impacted by the TNIs? To
address these questions, we compiled data and indicators on all 17 SDGs (with 103 indicators,
listed in Table A5.0.1) for 189 countries for the year 2015, when the SDGs were adopted and the
results provide a baseline for efforts in evaluating progress toward SDGs. We included the SDG
indicators that can be quantitatively measured and are also directly influenced by transnational
interactions (e.g., international trade). To quantitatively measure the impacts, we first estimated
each country’s performance in achieving the SDG targets in the current globally metacoupled
system (Liu, 2017) (the baseline) and a hypothetical global lock-down scenario (i.e., no
transnational interactions among countries but only domestic activities, e.g., no international
trade but in "autarky"; the consequence caused by the recent COVID-19 global pandemic
approximate some aspects of this scenario; see Methods). Comparing the difference in SDG
target scores between the two scenarios can help estimate the impacts of transnational
interactions on sustainable development (Xu et al., 2020c). Admittedly, this approach must be
seen as an approximation given the complex socioeconomic dynamics that might unfold in the
absence of transnational interactions. We used the quantity of goods and human flows to
measure physical impacts (e.g., impacts of food trade on food security), and used virtual
footprints, including virtual resources (e.g., virtual water), pollution, and risks (hereafter, virtual
footprints) embedded in the trade flows, to measure the “virtual” impacts (see Methods and refer
to Table A5.0.2 for a complete list of resource flows and virtual footprint indicators). To

holistically analyze SDGs, we followed the integrated framework of metacoupling
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(socioeconomic-environmental interactions within a country, between the country and adjacent
countries, and between the country and distant countries), as metacoupling affects all SDGs (L.iu,
2018). We first measured transnational impacts on each SDG, and then calculated the
aggregated impacts on the SDG Index score of each country. Here, SDG Index is the aggregated
score of the 17 SDGs for characterizing countries’ overall SDG performance (see Methods). We
further compared the difference in the extent to which the impacts on SDGs vary across
countries, and income groups, as well as the difference in interactions between adjacent and
distant countries. Here, we use “low-income” to refer to the low-income and low-middle income
groups, and use “high-income” to refer to the upper-middle and high-income groups according to
World Bank’s income classification. Following (Anderson, 2003; Charney et al., 1993; Xu et al.,
2020c), we classified country pairs into adjacent (countries sharing land or maritime boundaries)
and distant pairs (countries that do not share land or maritime boundaries). This comparison can
help test if distant interactions (telecouplings) are more prominent than adjacent interactions
(pericouplings)(Liu, 2017) in influencing a nation's progress towards achieving SDGs. Finally,
we use centrality in network analysis to identify key actors and characterize their interactions in
the global interactive networks. This research is the first to integrate environmental-, social-,
economic-, and security-related TNIs to investigate multifaceted transnational effects on SDGs
by applying the framework of metacoupling (Liu, 2017). Our findings help identify the complex
mechanisms behind goal-achieving efforts and improve the equality of intergovernmental

conventions for achieving SDGs globally.
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5.3 Materials and methods

5.3.1 SDG Indicators and SDG Index

We compiled data for 189 countries on 103 indicators (Table A5.0.1) that operationalize the 17
SDGs in the year 2015 using the best available data. Indicators were drawn primarily from the
UN’s “Global indicator framework for the Sustainable Development Goals and targets of the
2030 Agenda for Sustainable Development” (UN, 2019), supplemented with indicators from the
“Sustainable Development Reports” (Sachs et al., 2020) and the UN’s report on “Indicators and a
Monitoring Framework for the Sustainable Development Goals” (Schmidt-Traub et al., 2017).
These reports were published by the Sustainable Development Solutions Network (SDSN),
which operates under the auspices of the UN to promote the implementation of the SDGs and the
Paris Climate Agreement. In addition, we included SDG indicators that are used in existing
literature (Sachs et al., 2020; Xu et al., 2020c, 2020a; Zeng et al., 2021) to cover as many SDG
targets and goals as possible within the constraints of data availability across countries for the
study period. Data were mainly obtained from the FAO (Food and Agriculture Organization of
the United Nations), the World Bank, the ILOSTAT (International Labour Organization
Database), EDGAR (the Electronic Data Gathering, Analysis, and Retrieval system), and other
international agencies (See details in Table A5.0.1). We selected and included these 103 SDG
indicators because they are measurable and are directly influenced by at least one of the 63
transnational impacts (measured by footprint indicators, listed in Table A5.0.2). This study
provides by far the most comprehensive evaluation of the TNIs on SDGs. Readers should be
aware of the uncertainties in our analysis because we excluded the SDG indicators that are either
not measurable or have less attributable (or indirect) linkages with TNIs at this moment which

leads to underestimation of TNIs on SDGs.
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To make the evaluation comparable across countries and calculate the composite SDG Index, we
follow SDSN and Xu et al.’s approach (Sachs et al., 2021; Xu et al., 2020a) and normalized all
SDG indicators to values ranging from 0 (indicating the worst performance) to 100 (indicating
the best performance). “Performance” refers to one country’s progress toward achieving the
SDGs. We further used an SDG Index score (0-100) consisting of individual normalized SDG
scores (0-100) for characterizing countries’ overall SDG performance. SDG Index score is an
aggregate score composed of individual scores of the 17 SDGs, representing each country’s
overall performance in achieving all 17 SDGs (Sachs et al., 2020). We calculated each country’s
SDG Index score by using an equal-weight average approach, with the emphasis that the UN
takes integrated solutions to address all 17 SDGs equally (Sachs et al., 2020). Within each goal,
all indicators are also equally weighted. Therefore, theoretically, the SDG index could range
from 0 to 1700, while we found a range of SDG Index between 0-100 is more intuitive for
readers to know the gap from fully (100%) achieving the goals. For example, a country with a

score of 50 indicates halfway towards achieving the best performance.

5.3.2 Measuring the impacts of transnational interactions (TNIs) on national SDGs

In an increasingly metacoupled world, one country’s sustainability initiatives and actions can
generate positive or negative transnational impacts on other countries, and sometimes in turn
impact itself. Taking soybean trade as an example, importing soybean to enhance food security
can not only cause deforestation in exporting countries but also environmental pollution in
importing countries (Sun et al., 2018). Besides the commonly reported transnational
environmental impacts (Dalin et al., 2017; Lenzen et al., 2012; Oita et al., 2016), there are also

considerable social impacts embodied in international interactions (Dorninger et al., 2021,
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Wiedmann and Lenzen, 2018). In addition to international trade, other types of international
interactions are understudied. For example, international development finances play a big role
(Galaz et al., 2018; Turner, 2019), as achieving the SDGs requires mobilizing resources from a
variety of sources, including international partners, domestic budgets, foundations, and
philanthropy, as well as the private sector. It is estimated that achieving the Sustainable
Development Goals by 2030 will require a rough estimate of US$5-7 trillion dollars (5.8% ~

8.3% of global GDP) of annual investment across sectors and industries (UN, 2018).

The 2030 Agenda and the SDGs have recognized the importance of transnational impacts in
several crucial ways. To comprehensively characterize the impacts on achieving sustainable
development, we synthesized a list of 43 transnational impact indicators (see Table A5.0.2). In
addition to the commonly used footprint indicators, including virtual resources (e.g., virtual
water), pollution, and risks (hereafter, virtual footprints) that are embedded in the trade flows, we
also included the physical flows of critical goods and people that can also have potential impacts
on achieving SDGs (e.g., impacts of food trade on food security, international flows of students
and scholars on education). In the context of the SDGs, we grouped the bulk list of transnational
impacts (TNI) into four broad categories by referring to Sustainable Development Solutions
Network’s classification for international spillovers (Sachs et al., 2020): (1) Environmental TNIs,
(2) Social and governance TNIs, (3) Economy and finance TNIs and (4) Security TNIs. Each
TNI is associated with at least one specific SDG indicator. We then compiled global datasets for
189 countries and utilized well-developed models (see detailed description in the following) to
measure these TNIs and estimate the extent to which one country may affect other countries’

SDG performance (Figure A5.0.8).
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Environmental impacts of TNIs cover the impacts related to trade of natural resources and

embedded environmental footprints in trade. These transnational environmental impacts can be
generated in two ways: 1) through virtual environmental footprints embodied in international
trade, and 2) through direct transboundary flows of water resources or pollutants in air and water
(Sachs et al., 2020). In this study, we focus on international trade-related environmental impacts,
because trade is a major pathway of causing transnational environmental effects and the
quantification approaches such as multi-region input-output (MRIO) analysis have been full-
fledged and are ready to be used for tracking a range of transboundary environmental impacts
(e.g., land use, water scarcity, energy use, carbon emissions, nitrogen emissions, and
biodiversity) embodied in consumption and trade (Lenzen et al., 2012, 2013b; Oita et al., 2016;
Sachs et al., 2020; Tukker and Dietzenbacher, 2013; Wiedmann and Lenzen, 2018). However,
quantifying cross-border flows through air and water, such as transfer of pollutants, for each
country at the global scale remains a great challenge, which are not included in this analysis. The
exclusion of transboundary physical flows of water and pollutants would likely lead to an

underestimation of the transnational environmental impacts.

The transnational environmental impacts on one country are measured by the amount of
“exported” resources or embedded environmental footprints, comparing to the country’s total
resources or total footprints. For example, to measure the transnational impacts on country A’s
SDG 6.4.2 (Level of water stress: freshwater withdrawal as a proportion of available freshwater
resources (UN, 2019); equation 1). We first calculated how much virtual water was embedded in
its net exports using MRIO analysis. For a virtual water net exporter, it would use less domestic

water (equivalent to the net exported virtual water) to only meet domestic demands if
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international trade were interrupted or in a hypothetical autarky scenario, resulting in lower water
stress (equation 2). This is because the virtual water net exporters can be viewed as the countries
that extract local water resources to supply products (e.g., irrigated wheat) for other countries in
the current trade world, but would be likely to consume less local water under the autarky
scenario. The portion of net exported virtual water therefore can be used as a proxy to represent
the impact of international trade on the country’s water stress, and comparing the difference
between water stress;yqqe and water stressy, (rqqe Can help estimate the impact on the

country’s SDG 6.4.2.

water use

water stresSyrqge = 1)

total water resources

__ water use + net imported virtual water 2
water Stressno trade = total water resources (2)

We used the high-resolution global MRIO database, Eora (Lenzen et al., 2011), to calculate
embedded environmental footprints. We chose the Eora MRIO database because it provides
high-resolution 10 tables documenting the inter-sectoral transfers amongst 15,909 sectors across
190 countries. It also includes a list of environmental satellite account indicators, covering GHG
emissions, air pollution, energy use, water use, and land occupation, which can be directly used
for quantifying the amount of embedded environmental footprints. The detailed methods for
quantifying each environmental footprint have been well-documented in existing literature, and
readers can refer to the key references listed in Table A5.0.2 and an example in Text S5.1 for

more details.
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Social impacts of TNIs cover occupational injuries and fatalities, health risks (e.g.,

noncommunicable diseases) related to consumption and other social supply chain impacts
(Alsamawi et al., 2014, 2017b; Malik et al., 2021a; Xiao et al., 2017, 2018a). Directly measuring
social impacts is extremely difficult, especially at the global scale. Here we use the potential
social risk associated with the production and consumption to get an approximation. Following
Xiao et al (Xiao et al., 2017), we combined the Eora MRIO with the novel Social Hot Spots
Database (SHDB, a resource that assigns risk levels by impact category, and subcategory for
each country and sector) (Norris and Norris, 2015), and used input-output analysis to measure
the potential social risk footprints associated with the supply chain activities required to deliver a
product to fulfill a country's needs. Taking SDG 8.8.1 (Fatal and non-fatal occupational injuries
per 100,000 workers (UN, 2019)) as an example, fatal injuries in a country can be measured
using employment-related national statistics data (equation 3). The embedded fatal injury cases
in exports can be quantified by input-output analysis. For a net exporter, the fatal injury rate in a
hypothetical autarky scenario can be estimated by equation 4, assuming fewer fatal injury cases
with fewer production activities for exports. Admittedly, this approach must be seen as an
approximation given the complex economic dynamics that might unfold in the absence of trade.

Still, this approach can provide a useful approximation (Xu et al., 2020c).

. fatal inj
fatal injury rate, qqe = “2tal Iury €ases » 1000 3)

total workers

__fatal injury cases — embedded fatal injury cases in net exports

fatal injury rate,, rrqge = x 1000

total workers

(4)
Detailed methods for calculating each social footprint can be found in the references listed in

Table A5.0.2.
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Economy and finance impacts of TNIs cover international development finance (e.g., official

development assistance; ODA), corruption footprints of nations, unfair tax competition, and
banking secrecy (Sachs et al., 2020; Sethi et al., 2017; Turner, 2019). In this study, we used the
official development assistance data by OECD (https://data.oecd.org/oda/net-oda.htm) and the
international development finance data coded by AidData to measure the positive finance TNI
(i.e., ODA). The AidData can supplement OECD ODA data by providing additional country
coverage on estimating the contributions of international financials to the SDGs (and their
associated targets) (DiLorenzo et al., 2017; Turner and Burgess, 2019). Every country’s
corruption footprint was measured by input-output analysis, the same approach for social

footprints.

Security TNIs include negative TNIs — such as the exports of weapons and arms and organized

international crime, and positive TNIs — such as investments in conflict prevention and
peacekeeping (B&aud-Sudreau et al., 2020b, 2020a; Sachs et al., 2020; Wezeman et al., 2018).
We compiled international arms transfers data from Stockholm International Peace Research
Institute (SIPRI) Arms Transfers Database, and the Troop and Other Personnel (e.g., police)
Contributions data from the UN Peacekeeping Open Data Portal and the SIPRI Multilateral
Peace Operations Database. Following the approach by Sustainable Development Solutions
Network (Sachs et al., 2020), we used the number of traded arms from country m to country n as
an indicator of negative security TNIs, and the number of troops and other personnel (e.g.,

police) contributions from country m to country n as an indicator of positive security TNIs.
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5.3.3 Network analysis

We use network analysis to reveal the relative importance of each country in impacting other
countries’ sustainable development. Each node in the network represents a country, and the node
size tells us how central the node is in the complex network. The weighted in-degree centrality
was computed using the igraph package (Csardi and Nepusz, 2006) to characterize the node size.
The edge linking two country pairs demonstrates an impact relationship. The arrows point to the
dominant influencers (or responsibility takers), the width of the edges represents the magnitude

of impacts, and the colors indicate income levels (blue — high-income, red — low-income).

5.4 Results

5.4.1 The overall impact of TNIs on SDGs

Compared to the global lock-down scenario, TNIs improved the SDG Index of countries by
19.4% (or a score of 9.2) on average in 2015 (Index mean = 66.9, s.d. = 7.4, with scoring on a
scale of 0 - 100; Figure 5.1a, Figure A5.0.1). At the country level, 91% of the 189 countries
(accounting for 94% world population) benefitted from TNIs with their SDG Index improved.
Only 9% of the countries (n = 13) decreased their SDG Index, over three-quarters of which are

low-income countries (Figure 5.1a, Figure A5.0.2).

Among the 17 SDGs, 16 benefited from TNIs, with SDG 4 (Quality Education) and SDG 17
(Partnerships for the Goals) improving the most (4SDG, = 33.0, ASDG,, = 32.1), followed by
SDG 15 (Life on Land), SDG 11 (Sustainable Cities and Communities), and SDG 9 (Industry,
Innovation and Infrastructure). However, only SDG 10 (Reduce Inequality) was negatively

impacted (4SDG,, = — 4.4) (Figure 5.1b). The global fairness issue is further reflected by the
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different impacts of global interactions on the nation’s SDGs across income groups (Figure
5.1c). High-income countries generally benefited more (on 14 of the 17 SDGs), while low-
income countries benefited less and occasionally even reduced scores from TNIs. In addition,
although TNIs improved most countries’ SDG Index, not all Goals of a nation gained positive
impacts. For instance, the SDG score of countries in the Global South, particularly countries in
Africa and South Asia, declined in more than one-half of their 17 goals (Figure 5.1d). While
countries in the Global North gained scores in more than half of their 17 goals, European

countries and the US benefited in more than 80% of the 17 goals.
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Figure 5.1. The overall TNIs on SDG Index and individual SDG scores at the global and national
scales in 2015. (a) The overall impacts on each country’s SDG Index (i.e., the aggregated mean
of the 17 normalized SDG scores to characterize countries’ overall SDG performance, see
Methods). Positive values mean a country’s SDG score benefited from TNIs. (b) The overall
impacts on each Goal of the 189 countries. The error bars indicate the standard errors in the SDG
scores across countries (n= 189). (¢) The overall impact on each Goal by country income group.
The income group categories are based on the World Bank’s classification. The error bars
indicate the standard errors in the SDG scores across countries in each income group. Figure
Ab5.0.3 further shows the impacts of TNIs on each SDG at the country level. (d) Percent of
improved SDGs from TNIs. SDG Icon images courtesy of the United Nations.
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Figure 5.1 (cont’d)
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5.4.2 Dominant actors in the global TNIs networks

Ranked by the aggregated TNIs (based on 45 TNI indicators), the top 10 countries that are
responsible for the most negative impacts of TNIs on the rest of the world are the United States,
Serbia, Germany, Japan, Italy, China, United Kingdom, UAE, Spain, and Singapore (Figure 5.2a,
2b). While the bottom 10 countries, including Indonesia, Argentina, Myanmar, Pakistan,
Philippines, India, Ethiopia, Sudan, Angola, and Kazakhstan, are those that made the least
negative impacts. All of the top 10 influencers are all in the high-income country group, while
most of the bottom 10 are low-income countries. Notably, the impacts of TNIs on social-related
SDGs can be as large as (or even larger than) the impacts on environmental-related SDGs but

were rarely reported in existing literature (Figure A5.0.4).

When zooming into the complex TNIs network, most of the transnational responsibilities of

impact point to the top influencers (Figure. 5.2c). For example, the USA, Serbia, Japan, and
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China have the highest transnational impacts. Similarly, India, Indonesia, and Argentina are the
bottom influencers in each specific global network (Figure 5.2c, Figure A5.0.1). Not only do
high-income countries tend to impact low-income countries through TNIs, but also we found the
impacts were more frequently generated between faraway trading countries with unequal
economic levels (Figure 5.2d). That is, telecouplings lead to more socio-environmental

inequality among countries in terms of achieving the national SDGs.
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Figure 5.2. Dominant influencer and affected in the global TNIs network. (a) Top 10 and bottom
10 influencers of the 189 countries in 2015, ranked by TNIs index (i.e., aggregated impact
scores). Higher values mean larger overall negative impacts on the rest of the world, while lower
values indicate smaller overall negative impacts (positive impacts could be offset by other
negative impacts). (b) Map of TNIs index by country. Figure A5.0.5 further shows the impact of
each TNI. (c) Network of the top 15 country pairs. Arrows point to dominant influencers; The
width of the edges represents the magnitude of impact, and the size of each node represents the
degree of centrality in the network. The colors indicate income-levels (blue — high-income, red —
low-income). Full names of the country codes are listed in Table A5.0.3. (d) Distribution of the
average distance of interactions between two countries. “Vertical flows” indicate the interactions
between two economically unequal countries (e.g., resource flows from low-income countries to
high-income countries), and “Horizontal flows” represent interactions between two countries
with similar economic status. The red dash line indicates the average distance of interactions
between each country pair. Figure A5.0.6 further illustrates the distance distribution by TNI

types.
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Figure 5.2 (cont’d)
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5.4.3 Telecouplings contributed more to SDGs than pericouplings
Interactions between distant countries (i.e., telecouplings) played a more important and larger

role in advancing countries’ overall SDG performance, as measured by SDG Index (Figure 5.3a

108



and 3b). Interestingly, telecouplings are especially critical in maintaining SDG performance for

high-income countries, while having minimal contributions to low-income countries (Figure 5.3a

and Figure A5.0.7).
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Figure 5.3. SDG Index (a) and the score of each SDG (b) by income group under four scenarios:
the real world in 2015 (Real), only distant world connections (Only distant), only nearby world
connections (Only nearby), and global lockdown with no connections (None). SDG 17 does not
have all four scenarios due to the limited data for countries.

5.5 Discussion

This study presents the first quantitative assessment of the impacts of multiple TNIs on the

performance of the 17 SDGs. Our approach advanced previous research by synthesizing the most

comprehensive footprint indicators, including both environmental and social aspects to uncover

the transboundary impacts on the global and national SDGs. Overall, our results indicated that

the international interactions helped increase the national SDG Index by around 20% in 2015.
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Given the important benefits of global connections, many SDGs might have been greatly
affected due to the cutdown of critical supply chains (265 million people are likely to face acute
food shortages), international development aid (could drop by US$25 billion in 2021), and
international tourism (could drop by 60%) because of global lockdown (Naidoo and Fisher,
2020; Verschuur et al., 2021). Research has warned that two-thirds of the goals are unlikely to be
met due to the COVID-19 pandemic (Naidoo and Fisher, 2020). According to our analysis, 88%
of the 17 goals would be held back by approximately 16% on average (Figure 5.1b). For post-
pandemic recovery, it is especially urgent to rebuild the global connections and partnerships to

keep countries on track toward the SDGs.

TNIs helped elevate 16 out of 17 SDGs, but undermined one SDG on “equality” (SDG 10). This
finding expanded our previous research that revealed international trade improved seven
environment-related SDGs at the global level (Xu et al., 2020c), but further revealed
international interactions (including trade) improved the other eight SDGs. The negatively
impacted SDG 10 was not covered in our previous research. This demonstrated that to have a
holistic understanding of the transnational impacts on SDGs, it is important to take a wide range
of transnational environmental and social interactions into consideration and cover all the 17

SDGs.

The difference in impacts also is reflected in another important finding that high-income
countries generally benefited more while low-income countries benefited less or even lost scores
from TNIs. As existing literature suggests, developed countries usually gain environmental

benefits at the cost of developing countries (Sachs et al., 2020; Xu et al., 2020c), and developing
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countries often bear most of the environmental burdens, such as resource depletion (Dalin et al.,
2017), environmental degradation (Oita et al., 2016) and biodiversity loss (Lenzen et al., 2012).
The inequality in environmental impacts is often embodied in international trade and global
supply chains. Many have urged to initiate a World Environment Organization (WEQ)
(Biermann, 2020) because international trade supported by the World Trade Organization
(WTO) disproportionately emphasizes more on achieving maximization of economic benefit
while much less on the environment. Although existing multilateral and bilateral environmental
agreements, such as CITES, UNFCCC, and IPCC have achieved a great deal and reduced the
speed of environmental degradation, there still are pressing environmental problems prevailing
throughout the world because many of the multilateral environmental agreements are regional in
scope, some are conflicting with each other (Azizi et al., 2019; Kanie, 2018; Kim and
Bosselmann, 2013), and many impacts beyond the countries involved in trade and other

interactions such as investment were overlooked (Sachs et al., 2022).

In addition to the environmental impacts, transnational social impacts such as corruption (Xiao et
al., 2018a), labor-related human rights (Alsamawi et al., 2017b), education, and gender
inequality are also prominent but were much under-reported. This is particularly important
because the overall transnational social impacts on a nation's SDGs were usually as large as the
environmental ones, and were even larger in some countries (Figure A5.0.4). Future policy
integration for sustainable development through multilateral environmental agreements needs to
better integrate environmental concerns with social and economic issues. Policy conversations
and coordination at the global level should also better empower less developed countries towards

sustainability because stringent regulations in developed countries can lead to leakages of
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pollution-intensive and high-social-risk industries to less-developed countries with lax
regulations (Shapiro, 2020). A recent UN ban on plastic exports has been in effect in the
European Union (Adyel, 2021), and this action can help countries in the global south to bear less
environmental and health-related burdens that are embedded in the low-quality or difficult-to-
recycle wastes. Other ways to empower less developed countries include promoting global green

financing (Belhabib and Le Billon, 2018; Galaz et al., 2018) and knowledge/ technology transfer.

The SDGs are global in scope and emphasize ensuring no one is left behind. However, we found
that the current world, being a metacoupled socio-environmental system, is dominated by a few
powerful and affluent countries, such as the United States, Germany, Japan, Italy, and China.
Most of the negative TNIs they exert on other countries are through their high footprints in
consumption embedded in international trade, which is often structured in asymmetrical power
relationships (e.g., in terms of affluence and military) between countries that give extra
advantages to the more powerful nations and can sometimes be quite disadvantageous to the less
powerful (Jorgenson, 2016). In addition, our analysis shows transnational impacts more
commonly happening between faraway countries with unequal economic levels. Perhaps
adjacent countries have more similar socio-economic and environmental conditions that
determine the categories of resources and services for exchange, while distant exchanges can
diversify the supplies (Xu et al., 2020c). Furthermore, the spatial segregation of countries by
affluence levels (i.e., high-income countries are mostly located in the Global North, while low-
income countries are in the Global South, see Figure A5.0.10) also makes telecouplings more
prominent. Studies on ecological footprints and carbon emissions have shown that, when

measured in terms of intensity of exports, the ecological unequal exchanges between developed
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countries and less-developed countries are growing (Jorgenson, 2016, 2012), while in absolute
terms, the opposite (Moran et al., 2013). With our finding that unequal exchanges are prominent
both environmentally and socially in the context of the SDGs, future environmental justice and
structural inequality scholars may also need to examine these aspects to provide more in-depth

insights for international policymaking.

Our analysis on mapping the transnational multifaceted socio-economic, security, and
environmental impacts on 17 SDGs for each country can help nations identify which countries
impact their sustainability efforts and on which aspects. Such information will be useful for
maximizing the positive impacts and minimizing the negative impacts to better achieve the
SDGs. Practically, harmonizing regulation and standards among international trade partners
(Lenzen et al., 2012), enhancing environmental labeling and certification schemes along the
global supply chains (OECD, 2016; Prag et al., 2016), facilitating technical cooperation and
knowledge transfer to support greater sustainability in producing countries, and implementing
SDG financing (Sachs et al., 2022) might help address the negative transnational impacts. Due to
the inherent complexity in the globally metacoupled networks, we estimated the transboundary
impacts on SDGs by comparing the SDG scores under the current metacoupled world (the
baseline) to a counterfactual global lock-down scenario, distant-interaction only, and adjacent-
interaction only scenarios. Although this approach has been widely used in trade-scenario
settings (Wood et al., 2018; Xu et al., 2020c) and was previously thought to be unlikely to
happen, the recent global lockdown caused by the COVID-19 pandemic provided a factual case.
Nevertheless, future research on better estimating and predicting the transboundary impacts on

SDGs can adopt multiple scenarios and use more sophisticated models (e.g., the Global
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Biosphere Management Model - GLOBIOM) (Havl k et al., 2018). This research also lays a
foundation for further exploring the transboundary impacts on sustainable development at finer
scales, such as at the sub-national level, corporation level (Malik et al., 2021a), and even pixel
level by integrating satellite earth observation with supply chain data (Burke et al., 2021; Moran
et al., 2020). With richer data available to fill the current data gaps in evaluating SDG
performance, scientists would be able to have a better understanding of the complexity in the

transboundary impacts and help achieve the SDGs around the world.
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CHAPTER 6: SYNTHESIS

This dissertation facilitates the comprehensive understanding and application of metacoupling
framework by developing and synthesizing advanced approaches for metacoupling quantification

across scales. The main conclusions of each chapter are summarized as follows.

Chapter 2 made the first attempt to develop a typology of transboundary flows using six flow
attributes (i.e., type, magnitude, direction, distance, time, and mode) to advance metacoupling flow
research and governance. This study provided a portfolio of quantitative and practical methods for
characterizing transboundary flows, ranging from trade analysis, and big data analysis, to various
modeling approaches. This synthesis, covering multidisciplinary concepts and methodologies
from geography, hydrology, industrial ecology, economy, and environmental science and policy,
will be extremely useful for interdisciplinary research. This chapter highlighted the great need to
recognize the critical but often neglected transboundary flows in impacting sustainability, be aware
of the shared risks (e.g., climate change, global epidemic, and conflicts), use system thinking, and
strengthen multilateral cooperation, so that effective policies can be developed for safeguarding

humankind and planetary sustainability.

Chapter 3 mapped coastal hypoxia (or dead zone) dynamics across 20 years (2000-2019), which
provides critical data and knowledge for linking excess nutrient flows from the US Midwest with
the impact in the Gulf of Mexico region. This chapter integrated time-series remote sensing
observations with field measurement archives, and developed a Random Forest model for

predicting spatially explicit dead zone dynamics across time and space. The rich and fine temporal
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and spatial information on dead zone dynamics will be also useful for policy-makers to develop
targeted management plans and environmental policies. For example, the integrated framework of
telecoupling can be used to link distant places in the watershed that apply excessive fertilizers with
the coasts that are suffering hypoxia issues. Building such linkages can help predict the timing and
amount of the excessive fertilizers that reach global coasts based on the locations of fertilizer

applications and leakages as well as the speed of river water flows.

Chapter 4 tracked the flow of foods as well as the flow of virtual nitrogen (N) embedded in food
trade among 132 U.S. regions. Compared to existing studies that track physical nutrient flows
across landscapes, this work offers a different perspective to examining virtual nutrient flows
across regions. The analysis can help identify who else other than food producers should be
responsible for the environmental impacts of food systems. Here it found the downstream food
consumers who suffer from excess fertilizer use in the upstream also contributed to the increase of
pollutants. The analysis also identified the hotspot flows and hotspot regions that contributed most
to the transboundary flows of virtual nitrogen. The findings (e.g., the displaced virtual N) therefore
can be used to optimize food supply chains for nutrient reduction strategies, such as through
improving N use efficiency in hotspot regions or using virtual N as a novel indicator for

determining the payment for ecosystem services.

Chapter 5 comprehensively evaluated a range of transnational flows and their effects on the
performance of 17 SDGs for 189 countries globally. This study quantitatively demonstrated that
achieving SDGs in one country may enhance or compromise SDGs in other countries. It found

transnational connections and interactions (e.g., trade) are important for advancing countries’
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overall SDG performance (improving roughly 20%). Despite the overall benefit, high-income
countries generally benefited more, while low-income countries benefited less and were
occasionally disadvantaged. This chapter also found that transnational interactions more
frequently occurred among distant countries with unequal economic levels. This study offered an
integrated picture of the often-ignored transnational impacts on achieving sustainability. This
work, therefore, is useful for (inter)governmental agencies to target the negative transnational

impacts and empower disadvantaged countries for achieving SDGs globally.

To sum up, this dissertation research provided both theoretical and methodological synthesis, as
well exemplifications for tracking transboundary flows in addressing sustainability challenges. In
the context of rapid global environmental change (e.g., global warming, extreme climate, disease
outbreaks) and erratic interregional relations (e.g., conflicts), the metacouplings among different
socio-environmental systems are becoming more complex. Future research can take a similar
analytical framework and conduct research in other regions and countries at different scales by
utilizing local knowledge. There is also a great need to develop integrated models and use scenario
analysis to simulate the dynamic metacoupled systems. This research also lays a foundation for
further exploring the transboundary flows and their impacts on sustainable development at finer
scales, such as at the sub-national level, corporation level, and even pixel level by integrating
satellite earth observation with detailed supply chain data. A better understanding of the
complexity of the transboundary impacts can shed light on more collaborative governance and

policymaking and help facilitate the achievement of 17 SDGs by 2030.

117



APPENDICES

118



APPENDIX A

SUPPORTING INFORMATION FOR CHAPTER 2
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Figure A2.0.1. LCA tools, Carbon calculator, GREET (Greenhouse gases, Regulated Emissions,
and Energy use in Transportation), GHGenius (focus on transportation fuels in Canada), GaBi
Software, SimaPro, OPENLCA, Brightway?2. Credits to Dr. Qingshi Tu at the University of
British Columbia.
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APPENDIX B

SUPPORTING INFORMATION FOR CHAPTER 3
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Figure A3.0.2. DO sampling locations from 2000 to 2019.
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APPENDIX C

SUPPORTING INFORMATION FOR CHAPTER 4

Table A4.0.1. Parameters Used for Calculation of Biological N Fixation

Type Reporting | Unit Unit Fixation | Fixation Citation
Unit conversion | conversion | Rates Rates
to value unit value
Soybean | Bushels kg/reporting | 27.2 kg- 0.066 (Hong et al.,
S unit N/kglyr 2011, 2013)
Alfalfa | Drytons | kg/reporting | 907.2 kg- 0.031 (Hong et al.,
Hay unit N/kglyr 2011, 2013)
Peanuts | Pounds kg/reporting | 0.454 kg- 0.045 (Hong et al.,
unit N/kglyr 2011, 2013)
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Table A4.0.2. Parameters Used for Calculation of Crop N Uptake

Reportin Unit Unit N N
Group | Type Un?t g conversion | conversion | uptake | uptake | Citation
to value unit value
. ] (Hong et
Crop | Barley |Bushels Eg{[epor“”g 21.8 Kﬁk 0.019 | al., 2011,
g 2013)
. ) (Hong et
Crop Cr‘;ri?]’ Bushels Eg{{eport'”g 25.4 Kﬁk 0.013 |al., 2011,
g g 2013)
(Hong et
kg/reporting kg- al., 2(_)11’
Crop Oats Bushels . 14.515 0.018 | 2013;
unit N/kg
Lander et
al., 1998)
(Hong et
. kg/reporting kg- al., 2911’
Crop Rice Bushels . 20.3 0.013 | 2013;
unit N/kg
Lander et
al., 1998)
(Hong et
kg/reporting kg- al., 2911’
Crop Rye Bushels . 25.4 0.019 | 2013;
unit N/kg
Lander et
al., 1998)
(Hong et
. al., 2011,
Crop | S9NV 1 B chels kg/reporting | o 4 Kg- 10018 | 2013:
m, grain unit N/kg
Lander et
al., 1998)
(Hong et
: al., 2011,
Crop |Wheat |Bushels kg/reporting | ,; , Kg- 10019 | 2013;
unit N/kg
Lander et
al., 1998)
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Table A4.0.3. The top 10 net flows of live animals (SCTG = 01) in 2017

Rank | From To Million
Tons

1 Remainder of Minnesota Remainder of Wisconsin 0.69
2 Remainder of Nebraska Remainder of Nebraska 0.49
3 Remainder of lowa Remainder of lowa 0.21
4 Remainder of Kansas Remainder of Kansas 0.19
5 Remainder of California Remainder of California 0.18

Omaha-Council Bluffs-Fremont, Remainder of Nebraska 0.15
6 NE-IA

Remainder of Pennsylvania Philadelphia-Reading-Camden, PA- | 0.12
7 NJ-DE-MD

Omaha-Council Bluffs-Fremont, Omaha-Council Bluffs-Fremont, 0.10
8 NE-IA NE-IA
9 Remainder of Missouri Remainder of North Carolina 0.10
10 Remainder of Missouri Remainder of Illinois 0.09
(Interregional flows, after excluding self-loop flows)
1 Remainder of Minnesota Remainder of Wisconsin 0.69

Omaha-Council Bluffs-Fremont, Remainder of Nebraska 0.15
2 NE-IA

Remainder of Pennsylvania Philadelphia-Reading-Camden, PA- | 0.12
3 NJ-DE-MD
4 Remainder of Missouri Remainder of North Carolina 0.10
5 Remainder of Missouri Remainder of Illinois 0.09
6 Remainder of Minnesota Remainder of South Dakota 0.09
7 Minneapolis-St. Paul, MN-WI Remainder of Wisconsin 0.09
8 Remainder of Pennsylvania New York-Newark, NY-NJ-CT-PA | 0.07
9 Remainder of Alabama Remainder of Texas 0.07
10 Remainder of Kentucky Remainder of Texas 0.06
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Figure A4.0.5. The geographical locations of the Mississippi River Basin (MRB), non-MRB
(states with gray shade), the MRB upper (states with green shade), and lower basins (states with
red shade).
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APPENDIX D

SUPPORTING INFORMATION FOR CHAPTER 5

Text S5.1. MRIO analysis for quantifying effects of TNIs embodied in international trade

We applied multi-regional input-output analysis to quantify transnational impacts (such as virtual
water, COy, energy, raw materials, and land) embodied in international trade. This footprint-
based measurement can quantify the amount of natural resources required or social risks along
the supply chain for the production of goods and services (Feng et al., 2013; Wiedmann et al.,
2015; Zhao et al., 2015). For instance, CO2 emissions are produced during the entire production

and supply chain of goods and services.

MRIO has been widely used to study economic interdependencies between countries by tracking
monetary flows. Assuming there are m countries and every country has n sectors, the monetary
output of sector i in country R can be calculated using the following equation:

xft =Y, Z;'l=1 xS'S + X5e1 yL'RS 1)
where x{‘}s is the value of monetary flows from sector i of country R to sector j of country S, and
y &S represents country S’s final demand that is supported by sector i of country R.

The direct input coefficient af}s is derived from equation (2):

RS
RS _ %ij
S
J

al-j =S

()

where afjs is the value of monetary flows from sector i of country R that contributes to one unit

of monetary output in sector j of country S.
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If we let X=[ x{], A=[a]’] and Y=[y;**], we can calculate the following matrix X based on
equation (1):
X=AX+Y (3)
Then we rearranged and formulated the equation (3) as:
X=BY B=(I-A)" (4)
where (I — A)~1is the Leontief inverse matrix, suggesting both direct and indirect monetary

value flow from other countries to meet one unit of final monetary demand.

To calculate the amount of virtual resources and social risks embodied in international trade, we
first calculated the direct resource intensity coefficient. The direct resource intensity coefficient

of sector i in country R is expressed as:

~

ek = :—f‘e ®)

where w}? is the total resource/material intensity in sector i of country R; therefore e is the
amount of resource/material consumed/emitted to increase one monetary unit of output in sector
i in country R.

If we let E = [ef], then we can calculate the virtual resource (VR) transfer matrix using the
following equation.

VR =E.B.Y (6)

The amounts of virtual water, energy, material, CO», and social risks embodied in yearly trade

for each country/region therefore are calculated.
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Text S5.2. Country list and country groups

The 189 countries were grouped into 112 “high income” countries (65 high-income countries
and 47 upper-middle-income countries according to World Bank’s income classification), and 78
“low income” countries (or 48 lower-middle-income countries and 30 low-income countries
according to World Bank) (Table A5.0.3). We then calculated the average SDG score for each
country in each group, again without weighting for country population or gross domestic
product. We also classified international interactions into “adjacent” ones and “distant” ones
based on the geographical relationship between countries. Interactions between countries that
share land or maritime borders were deemed as adjacent interactions. In all other cases,
interactions between two countries or regions were deemed as distant ones (see Table A5.0.4 for
a list of countries and territories by land and maritime borders) (Anderson, 2003; Charney et al.,
1993; Xu et al., 2020c). This allowed us to assess the impacts of adjacent versus distant impacts

on SDG scores in the metacoupled world system.
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Figure A5.0.6. SDG Index under the baseline scenario (i.e., the current globally metacoupled
system), and a hypothetical global lock-down scenario (i.e., no transnational interactions among
countries but only domestic activities)
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Figure A5.0.7. TNIs on SDG Index by income group in 2015. A value above 0 means a positive
impact on a nation’s SDG Index, while a value less than 0 indicates a negative impact on a
nation’s SDG Index. In each boxplot, the central rectangle spans the first quartile Q1 to the third
quartile Q3, while the segment inside the rectangle indicates the median. Each dot represents a
country.
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Figure A5.0.8. Impacts of TNIs on each SDG at the country level.
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Figure A5.0.9. Impacts of TNIs by category and by the top 10 and bottom 10 influencers, ranked
by TNI impact index (i.e., aggregated impact scores). The plot shows the overall impacts, which
means some of the positive impacts could have been offset by other large negative impacts. High
values mean larger negative impacts on the rest of the world. Full names of the countries are

listed in Table A5.0.3.



Figure A5.0.10. Impact of TNIs by country. Refer to Table A5.0.2 for the full name of each impact. Asterisk (*) denotes the displaced

footprint or net imported virtual footprint by a country.
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and by TNI impact indicators.

T T

o
0 58 16

Distance (10° km)

135




SDG 2

SDG 4

100
75
50
25

SDG 6

SDG 7

100

100

SDG scores
N O N
o O O,

o

100
19
50
25 Scenarios Group
Real High income
0 = . e — 8n:y distagt Low income
nly nearby
ng‘} \fo& (0\\ o None
R
Q¥ Q
NI
Q o)

Scenarios

Figure A5.0.12. SDG scores by income group under four scenarios: the real world in 2015
(Real), only distant world connections (Only distant), only nearby world connections (Only
nearby), and global lockdown with no connections (None).
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Figure A5.0.13. Demonstration of the linkage between SDGs and TNIs. Shown are the 17 SDGs
(center), 30 SDG targets (first ring), and 45 SDG indicators (second ring) that relate to 43
specific transnational footprint indicators (third ring). Two SDG indicators under SDG 8 and
three SDG indicators for SDG 15 are presented in the figure for a demonstration purpose only. A
full list of matched linkages between SDGs and TNIs can be found in Table A5.0.1.
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Figure A5.0.14. Network for each TNI. Only the top 50 country pairs with the largest TNI flows
are presented. The arrows point to the dominant influencers (or responsibility takers); The width
of the edges represents the magnitude of impact.
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Figure A5.0.14 (cont’d)
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Figure A5.0.14 (cont’d)
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Figure A5.0.14 (cont’d)
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Figure A5.0.14 (cont’d)
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Figure A5.0.14 (cont’d)
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Figure A5.0.14 (cont’d)
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Figure A5.0.14 (cont’d)
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Figure A5.0.15. Map of county income group.
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Table A5.0.4. SDG indicators impacted by transnational interactions

SDG SDG Indicator Indicators of TNI impacts*

1 1.1.1 Proportion of the population living Poverty footprint
below the international poverty line

2 2.4.1 Proportion of agricultural area under Land footprint (cropland)
productive and sustainable agriculture

2 2.1.2 Prevalence of moderate or severe food | Imported cereal production
insecurity in the population (Cereal
production per capita)

3 3.9.1 Mortality rate attributed to household PM2.5 footprint (air pollutants)
and ambient air pollution (PM25
concentration)

3 3.9.1 Mortality rate attributed to household SO2 footprint (air pollutants)
and ambient air pollution (SO2
concentration)

3 3.4.1 Mortality rate attributed to Noncommunicable diseases (NCD)
cardiovascular disease, cancer, diabetes or attribute to net imported red and
chronic respiratory disease processed meat

4 4.7.1/12.8.1/13.3.1 Extent to which global International student flows (in
citizenship education tertiary education)

5 5.5.2 Proportion of women in managerial Gender equity footprint
positions

6 6.3.2 Proportion of bodies of water with Nitrogen footprint (nitrogen
good ambient water quality potentially exportable to water

bodies)

6 6.4.1 Change in water-use (WU) efficiency | Water footprint
over time

6 6.4.2 Level of water stress: freshwater Water footprint
consumption as a proportion of available
freshwater resources (WR)

7 7.1.2 Proportion of population with primary | Energy footprint (Renewable)
reliance on clean fuels and technology

7 7.2.1 Renewable energy share in the total Energy footprint (Renewable)
final energy consumption

7 7.3.1 Energy intensity measured in terms of | Energy footprint (Primary)
primary energy and GDP (low energy
intensity indicates high SDG indicator score)

8 8.1.1 Annual growth rate of real GDP per GDP embodied in trade
capita

8 8.8.1-1 Fatal occupational injuries per Occupational Safety and Health
100,000 workers footprint (fatal accidents)

8 8.8.1-2 Non-fatal occupational injuries per Occupational Safety and Health
100,000 workers footprint (non-fatal accidents)
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Table A5.0.4 (cont’d)

management (forest area net change rate as a
measure)

9 9.4.1-1 CO2 emission per unit of value Carbon footprint
added

9 9.4.1-2 CO2 emissions from fuel combustion | Carbon footprint

10 10.4.1 Labour share of GDP, comprising Wages footprint
wages and social protection transfers

11 11.6.2-1 Annual mean levels of fine PM2.5 footprint (air pollutants)
particulate matter (e.g., PM2.5 and PM10) in
cities (population weighted)

11 11.6.2-2 Annual mean levels of fine PM10 footprint (air pollutants)
particulate matter (e.g., PM2.5 and PM10) in
cities (population weighted)

12 12.2.1 Material footprint per capita (SO2 SO2 footprint (air pollutants)
footprint per capita)

12 12.2.1 Material footprint per capita Material footprint

12 12.2.1 Material footprint per GDP (low Material footprint
material intensity indicates high SDG
indicator score)

12 12.2.1 Material footprint per GDP (Nitrogen | Nitrogen footprint (total, including
footprint per GDP) NOx, NH3 and N20 emissions to

air, and the direct nitrogen
emissions to water)

13 13.2.2 Total greenhouse gas emissions per GHG footprint (emissions,
year including CO2, CH4, N20)

13 13.2.s CO2 emissions intensity of areas Carbon footprint
under forest management (GtCO2-equivalent
per ha)

14 14.1.1 Index of coastal eutrophication Nitrogen footprint (nitrogen
(Nitrogen footprint per ha of cropland as a potentially exportable to water
proxy) bodies)

14 14.1.1 Index of coastal eutrophication Phosphorus footprint (to water
(Phosphorus footprint per ha of cropland as a | bodies)
proxy)

14 14.4.1 (Total fisheries production per capita) | Imported fisheries
- Proportion of fish stocks within
biologically sustainable levels

15 15.1.1 Forest area as a proportion of total Land footprint (forest land)
land area (high value indicates high SDG
indicator score)

15 15.2.1 Progress towards sustainable forest Land footprint (forest land)
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Table A5.0.4 (cont’d)

16; 5 16.2.2 Number of victims of human Human trafficking
trafficking per 100,000 population

16 16.4.2 Proportion of seized, found or Transfers of major conventional
surrendered arms whose illicit origin or weapons
context has been traced or established by a
competent authority in line with international
instruments

16 16.5 Substantially reduce corruption and Corruption footprint
bribery in all their forms

17 17.3.1 Foreign direct investment as a Foreign direct investment
proportion of gross national income

17 17.3.1 Official development assistance asa | Official development assistance
proportion of gross national income

* Detailed data description and data source can be found in Table A5.0.2.
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Table A5.0.5. Indicators for TNI impacts and detailed data sources

NH3 and N20O emissions to
air)

ta/RL

Indicators of TNI impacts [Source Source link References

Carbon footprint Edgar_v5.0 https://edgar.jrc.ec.europa.eu/over,
view.php?v=50_GHG

GHG footprint Edgar_v5.0 https://edgar.jrc.ec.europa.eu/over,
view.php?v=50_GHG

NOXx footprint Edgar_v5.0 https://edgar.jrc.ec.europa.eu/over
view.php?v=50_AP

PM10 footprint Edgar_v5.0 https://edgar.jrc.ec.europa.eu/over
view.php?v=50_AP

PM2.5 footprint Edgar_v5.0  |https://edgar.jrc.ec.europa.eu/over(Liang et al.,
view.php?v=50_AP 2017; Xiao et al.,

2018b; Zhang et
al., 2017)

SO2 footprint Edgar_v5.0 https://edgar.jrc.ec.europa.eu/over|(Zhang et al.,
view.php?v=50 AP 2017)

\Water footprint /Aquastat http://www.fao.org/nr/water/aqua [(Wiedmann and
stat/data/query/results.html Lenzen, 2018)

Scarce water footprint AWEAR http://www.wulca- (Lenzen et al.,
waterlca.org/aware.html 2013a)

Energy footprint (total) IEA https://stats.oecd.org/BrandedVie (Chen et al., 2018)
w.aspx?oecd bv_id=enestats-
data-en&doi=data-00510-en

Energy footprint (primary  IEA https://stats.oecd.org/BrandedVie |(Xu et al., 2020c)

energy) w.aspx?oecd_bv_id=enestats-
data-en&doi=data-00510-en

Energy footprint (renewable [IEA https://stats.oecd.org/BrandedVie |(Xu et al., 2020c)

energy) w.aspx?oecd bv_id=enestats-
data-en&doi=data-00510-en

Land footprint (cropland)  [FAOSTAT http://www.fao.org/faostat/en/#da|(Yu et al., 2013)
ta/RL

Land footprint (forest land) [FAOSTAT http://www.fao.org/faostat/en/#da|(Yu et al., 2013)
ta/RL

Employment footprint ILOSTAT https://ilostat.ilo.org (Alsamawi et al.,

2014)
\Wage footprint ILOSTAT https://ilostat.ilo.org (Alsamawi et al.,
2014)

Nitrogen footprint - (Total, |[FAO and the (Oita et al., 2016)

i.e., NOx, NH3 and N20 International

emissions to air, and the Fertilizer

direct nitrogen emissions to |Industry

water) /Association

(IFA)
Nitrogen footprint (NOX, FAOSTAT http://www.fao.org/faostat/en/#da|(Oita et al., 2016)

150
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https://edgar.jrc.ec.europa.eu/overview.php?v=50_GHG
https://edgar.jrc.ec.europa.eu/overview.php?v=50_GHG
https://edgar.jrc.ec.europa.eu/overview.php?v=50_AP
https://edgar.jrc.ec.europa.eu/overview.php?v=50_AP
https://edgar.jrc.ec.europa.eu/overview.php?v=50_AP
https://edgar.jrc.ec.europa.eu/overview.php?v=50_AP
https://edgar.jrc.ec.europa.eu/overview.php?v=50_AP
https://edgar.jrc.ec.europa.eu/overview.php?v=50_AP
https://edgar.jrc.ec.europa.eu/overview.php?v=50_AP
https://edgar.jrc.ec.europa.eu/overview.php?v=50_AP
http://www.fao.org/nr/water/aquastat/data/query/results.html
http://www.fao.org/nr/water/aquastat/data/query/results.html
http://www.wulca-waterlca.org/aware.html
http://www.wulca-waterlca.org/aware.html
https://stats.oecd.org/BrandedView.aspx?oecd_bv_id=enestats-data-en&doi=data-00510-en
https://stats.oecd.org/BrandedView.aspx?oecd_bv_id=enestats-data-en&doi=data-00510-en
https://stats.oecd.org/BrandedView.aspx?oecd_bv_id=enestats-data-en&doi=data-00510-en
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https://stats.oecd.org/BrandedView.aspx?oecd_bv_id=enestats-data-en&doi=data-00510-en
https://stats.oecd.org/BrandedView.aspx?oecd_bv_id=enestats-data-en&doi=data-00510-en
https://stats.oecd.org/BrandedView.aspx?oecd_bv_id=enestats-data-en&doi=data-00510-en
https://stats.oecd.org/BrandedView.aspx?oecd_bv_id=enestats-data-en&doi=data-00510-en
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http://www.fao.org/faostat/en/#data/RL
http://www.fao.org/faostat/en/#data/RL
http://www.fao.org/faostat/en/#data/RL
http://www.fao.org/faostat/en/#data/RL
https://ilostat.ilo.org/
https://ilostat.ilo.org/
http://www.fao.org/faostat/en/#data/RL
http://www.fao.org/faostat/en/#data/RL

Table A5.0.5 (cont’d)

Peace Research
Institute
(SIPRI)

Nitrogen footprint (nitrogen FAOSTAT http://www.fao.org/faostat/en/#da|(Oita et al., 2016)
potentially exportable to ta/RL
water bodies)
GINI footprint World Bank  |https://data.worldbank.org/indicat|(Alsamawi et al.,
or/SI.POV.GINI 2014)
Corruption footprint Corruption https://www.transparency.org/res |(Xiao etal.,
perceptions  |earch/cpi/overview 2018a)
index; CCI; and
IPB indices
Occupational Safety and ILOSTAT https://ilostat.ilo.org (Alsamawi et al.,
Health footprint (fatal 2017b)
accidents)
Occupational Safety and ILOSTAT https://ilostat.ilo.org (Alsamawi et al.,
Health footprint (non-fatal 2017b)
accidents)
Material footprint https://www.resourcepanel.org/gl |(Xu et al., 2019a)
obal-material-flows-database
Phosphorus footprint (total) (Oita et al., 2020)
Phosphorus footprint (to (Oita et al., 2020)
water bodies)
GDP embodied in trade (Xu et al., 2019a)
Biodiversity footprint (Marques et al.,
2017)
Poverty footprint Based on (Alsamawi et al.,
employment 2014)
and salary
International concessional |OECD https://data.oecd.org/oda/net- (Sachs et al.,
public finance, including oda.htm 2020)
official development
assistance
Foreign direct investment ~ World Bank  |https://data.worldbank.org/
Investments in conflict Stockholm https://www.sipri.org/databases/p (Sachs et al.,
prevention and peacekeeping|International ko 2020)
Peace Research
Institute
(SIPRI)
Transfers of major Stockholm https://www.sipri.org/databases/a |(Sachs et al.,
conventional weapons International  [rmstransfers 2020)
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http://www.fao.org/faostat/en/#data/RL
http://www.fao.org/faostat/en/#data/RL
https://data.worldbank.org/indicator/SI.POV.GINI
https://data.worldbank.org/indicator/SI.POV.GINI
https://www.transparency.org/research/cpi/overview
https://www.transparency.org/research/cpi/overview
https://ilostat.ilo.org/
https://ilostat.ilo.org/
https://www.resourcepanel.org/global-material-flows-database
https://www.resourcepanel.org/global-material-flows-database
https://data.oecd.org/oda/net-oda.htm
https://data.oecd.org/oda/net-oda.htm
https://data.worldbank.org/
https://www.sipri.org/databases/pko
https://www.sipri.org/databases/pko
https://www.sipri.org/databases/armstransfers
https://www.sipri.org/databases/armstransfers

Table A5.0.5 (cont’d)

Human trafficking

The Counter-

https://www.ctdatacollaborative.o

(hazardous pesticides +
PM2.5 + PM10)

view.php?v=50_AP

Trafficking rg/download-global-dataset
Data
Collaborative
(CTDC)
International student flows |[UNESCO http://data.uis.unesco.org/ (C. Hou et al.,
2020)
Child Labor footprint SHDB http://www.socialhotspot.org/pur (Norris and
chase-shdb-licences.html Norris, 2015)
Forced Labor footprint SHDB http://www.socialhotspot.org/pur (Norris and
chase-shdb-licences.html Norris, 2015)
Exports of hazardous FAO http://www.fao.org/faostat/en/#da(Sachs et al.,
pesticides ta/RT/metadata 2020)
Chemical footprint Edgar_v5.0 https://edgar.jrc.ec.europa.eu/over

the meat trade

Imported Cereal production [FAO http://www.fao.org/faostat/
Noncommunicable diseases (GHDx http://ghdx.healthdata.org (Chung et al.,
(NCD) deaths embodied in 2021)

Table A5.0.6. Country list with country names, ISO3 country code, and income groups
This large table has been deposited on GitHub.

Table A5.0.7. Countries and their adjacent neighbors (share land or maritime borders)
This large table has been deposited on GitHub.
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https://www.ctdatacollaborative.org/download-global-dataset
http://data.uis.unesco.org/
http://www.socialhotspot.org/purchase-shdb-licences.html
http://www.socialhotspot.org/purchase-shdb-licences.html
http://www.socialhotspot.org/purchase-shdb-licences.html
http://www.socialhotspot.org/purchase-shdb-licences.html
http://www.fao.org/faostat/en/#data/RT/metadata
http://www.fao.org/faostat/en/#data/RT/metadata
https://edgar.jrc.ec.europa.eu/overview.php?v=50_AP
https://edgar.jrc.ec.europa.eu/overview.php?v=50_AP
http://www.fao.org/faostat/
https://github.com/Yingjie4Science/SDGs_Metacouplings/blob/main/SI/SI_table_countryGroup_flag.pdf
https://github.com/Yingjie4Science/SDGs_Metacouplings/blob/main/SI/SI_table_Country_Neighbors.pdf
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