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DEDICATION

I've grown impatient with the kind of debate we used to have about whether optimists or the
pessimists are right. Neither are right. There is too much bad news to justify complacency.
There is too much good news to justify despair.

Donella Meadows
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ABSTRACT OF THE DISSERTATION

Opportunities and Challenges for Net-Zero Emissions Energy and Food Systems
by
Julianne T. DeAngelo
Doctor of Philosophy in Earth System Science
University of California, Irvine, 2023

Professor Steven ]. Davis, Chair

Stabilizing global climate will require major transformations to energy and food
systems, including drastic reductions in the use of fossil fuels, improvements in energy and
material efficiencies, extensive electrification of energy end uses, sustainable
intensification of agriculture, and carbon management. Although progress has been made
in researching these topics in recent years, several research questions central to framing
global energy and agriculture policies deserve further study. In this dissertation, I explore
several relevant research topics with the goal of contributing to our understanding of the
opportunities and challenges for achieving net-zero emissions energy and food systems,
including (1) the characteristics of modeled net-zero CO2 emissions energy systems; (2) the
potential for seaweed farming to deliver globally-scaled carbon removal and emissions
mitigation; and (3) potential solutions for hard-to-abate greenhouse gas emissions from

the global food system.

In scenarios that successfully reach net-zero CO2 emissions by the end of this century,

renewable energy sources account for 60% of primary energy at net-zero on average
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(compared to ~14% today), with slightly less than half of that renewable energy derived
from biomass. Meanwhile, electricity makes up approximately half of final energy
consumed (compared to ~20% today), highlighting the extent to which solid, liquid, and
gaseous fuels remain prevalent in the scenarios even when emissions reach net-zero.
Residual emissions and offsetting negative emissions are not evenly distributed across
world regions, which may have important implications for negotiations on burden -sharing,

human development, and equity.

Sinking farmed seaweed to the deep sea is a potential method to remove carbon from the
atmosphere (i.e., negative emissions), and sequestering a gigaton of CO2 per year with this
method may cost as little as $480/tCOz on average. Instead, using farmed seaweed for
products that avoid a gigaton of COz-equivalent greenhouse gas emissions annually - by
substituting for more emissions-intensive food or feed sources - could return a profit of
$50/tC0O2-eq. However, these costs depend on low farming costs, high seaweed yields, and
assumptions that almost all carbon in seaweed is removed from the atmosphere (i.e.,
competition between phytoplankton and seaweed is negligible) and that seaweed products
can displace products with substantial embodied non-CO2z GHG emissions, such as

agricultural goods.

Modern agriculture is extremely emissions-intensive, and sweeping systemic changes
will be needed to reach net-zero. Shifting diets away from beef would have an outsized
impact on decreasing the average emissions intensity of caloric production, and closing
yield gaps is a top priority to increase production without increasing agricultural land area.

Promising methods are being developed to suppress GHG emissions from enteric



fermentation, soils, and rice paddies, although further research is needed to determine the
long-term efficacy and scalability of solutions globally. Stopping deforestation is also a top
priority, which will require aggressive policy action to enact strict land-use regulations.

Ultimately, achieving net-zero emissions energy and food systems will entail an accelerated

and coordinated global effort across multiple economic sectors.
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INTRODUCTION

Mitigating anthropogenic climate change is the defining global challenge of this century.
Limiting global mean temperature increase to 2°C or even 1.5°C relative to the preindustrial
era (UNFCCC, 2015) requires that global annual CO2 emissions are net-zero or net-negative
by the end of this century (Matthews & Caldeira, 2008; Joeri Rogelj et al, 2015; Joeri Rogelj,
Shindell, et al., 2018; Sanderson, O'Neill, & Tebaldi, 2016) and that non-COz greenhouse gas
emissions (GHGs) are significantly reduced (Byers et al,, 2022). Meeting this goal will
require major transformations to both energy and food systems, including drastic
reductions in the use of fossil fuels, substantial improvements in energy and materials
efficiency, extensive electrification of energy end uses, sustainable intensification of
agriculture, and management of carbon (Fuss et al., 2014; GEA, 2012; Hoffert et al,, 1998;
Hong et al, 2021; IPCC, 2014; Marcucci, Kypreos, & Panos, 2017; Sachs, Schmidt-Traub, &
Williams, 2016; Tilman, Balzer, Hill, & Befort, 2011). However, several research areas
central to framing global energy and agriculture policies remained understudied until
recently, including system-wide characteristics of potential net-zero emissions energy
systems, the scalability and feasibility of specific carbon removal technologies, and
approaches for mitigating emissions from the most difficult-to-decarbonize agricultural
sectors in the broader context of reaching net-zero emissions. In this dissertation, I explore
these topics with the goal of contributing to our understanding the opportunities and

challenges for transitioning to net-zero emissions energy and food systems.

Chapter 1 focuses on the energy-system-wide characteristics of scenarios from

Integrated Assessment Models (IAMs) that successfully reach net-zero COz emissions by



2100. IAM scenarios provide an integrated perspective on the transformations of the
energy-economy-land system and its implications for climate, and are prominently used for
informing about the implications of international climate goals. I analyze global and
regional model outputs related to energy use, energy sources, residual emissions,
electrification, and climate policy in the scenarios at the point when they reach net-zero
CO2 emissions. I also discuss the relationship between amounts of residual emissions -
emissions that are particularly hard-to-abate - and the corresponding amounts of carbon
removal that present in the net-zero IAM scenarios. These characteristics at the point of
net-zero CO2 can inform policies that might take varying approaches - including potential
approaches thatare notrepresented by current scenario pathways - to reach the same goal

of net-zero emissions.

Given the importance of carbon removal to offset residual emissions in IAM scenarios,
in Chapter 2 I assess the feasibility and scalability of seaweed farming as a potential carbon
removal method. Compared to land-based carbon removal approaches, seaweed farming
has the advantages of not requiring inputs of land or freshwater and might also have
environmental co-benefits (e.g., (AIEEP, 2021; Bach et al,, 2021; Duarte, Wu, Xiao, Bruhn, &
Krause-Jensen, 2017; Froehlich, Afflerbach, Frazier, & Halpern, 2019; Gao, L., Jiang, Jian, &
He, 2021; Gattuso, Williamson, Duarte, & Magnan, 2021; Krause-Jensen & Duarte, 2016;
NASEM, 2021; Wu, Keller, & Oschlies, 2022)). Additionally, seaweed products might help to
lower greenhouse gas emissions, for example by reducing methane emissions from
ruminants (Roque, Salwen, Kinley, & Kebreab, 2019), and replacing fossil fuels (Freeman &
von Keitz, 2017) and emissions-intensive agricultural products (Hong et al,, 2021). To

evaluate the potential of seaweed farming to help achieve global net-zero GHG emissions, I



use coupled biophysical and technoeconomic models to systematically assess the economic
costs and potential climate benefits of seaweed farming, testing their sensitivity across
large ranges in individual variables and comparing different product pathways. Based on
simulated global seaweed yields from a newly-developed biophysical model (G-MACMODS)
(Arzeno-Soltero et al, 2022; Frieder et al, 2022), I calculate spatially-explicit costs per ton
of seaweed harvested and either costs per ton of GHG emissions avoided (when used as
food, feed, or for biofuels) or costs per ton of carbon removed from the atmosphere as a
carbon removal strategy. Given the large uncertainty in technoeconomic parameters, I use
a Monte Carlo approach to assess a large scope of potential cost outcomes and discuss the
key variables that have the largest impact on cost per ton of CO2 removed or avoided. The
primary goal of the chapter is to inform more targeted research into the potential of
seaweed farming for climate benefits by identifying relative differences, sensitivities and

trade-offs that are robust across many simulations of potential cost.

Lastly, in Chapter 3 I assess the potential of reaching net-zero GHG emissions from the
global food system. Achieving net-zero GHG emissions from agriculture is particularly
challenging, because the majority of agriculture emissions are powerful non-COz GHGs
from disparate area sources that are fundamentally linked to how we produce food. The
challenges to mitigating food system emissions will continue to grow with increasing
population and affluence, and the impacts of climate change on agriculture will increasingly
undermine progress in agricultural production for many cro ps and regions (Jagermeyr et
al, 2021; Ortiz et al. 2021). Yet despite agriculture’s substantial contribution to global GHG
emissions and its outsized share of particularly hard-to-abate emissions, it is not yet clear

how to reduce the full scope of agricultural emissions to a point compatible with climate



stabilization or even net-zero emissions. In this chapter [ review the prospect of
transitioning to a net-zero emissions food system and discuss the unique challenges
associated with eliminating agricultural emissions. I describe several necessary nutritional
outputs of the food system, their current and projected GHG emissions through mid -
century, and the key uncertainties of projected demand for food and other agricultural
products. Finally, I assess the technical potential of mitigation solutions for different hard-
to-abate processes, the role of both demand- and supply-side measures to reduce

emissions, and priorities for research and policy action.



CHAPTER 1

Energy systems in scenarios at net-zero COz emissions

The text of this chapter is adapted from:

DeAngelo, J., . Azevedo, ]. Bistline, L. Clarke, G. Luderer, E Byers, and S.J. Davis. Energy
systems in scenarios at net-zero CO2 emissions. Nature Communications 12, 6096 (2021).
https://doi.org/10.1038/s41467-021-26356-y

1.1 Introduction

Limiting global mean temperature increase to 2°C or even 1.5°C relative to the
preindustrial era (UNFCCC, 2015) requires that global annual COz emissions are net-zero
or net-negative by the end of this century, and perhaps as soon as 2050 (Matthews &
Caldeira, 2008; Joeri Rogelj et al., 2015; Joeri Rogelj, Shindell, et al, 2018; Sanderson et al,
2016). In the broader context of climate stabilization, the magnitude of global temperature
increase is directly proportional to cumulative CO2 emissions, such that adding any amount
of CO2 to the atmosphere will increase future amounts of warming (Matthews & Caldeira,
2008; Matthews, Gillett, Stott, & Zickfeld, 2009). For these reasons, and because it is a clear
and absolute target, achieving net-zero emissions is increasingly a goal of energy and
emissions policies around the world (IEA, 2020; Peker, 2019; ]. Rogelj, Geden, Cowie, &
Reisinger, 2021; Joeri Rogelj et al,, 2015; Ross & Damassa, 2015). Central to meeting this
goal is a rapid and sweeping transformation of energy systems, including drastic
reductions in the use of fossil fuels, substantial improvements in energy and materials
efficiency, extensive electrification of energy end uses, and management of carbon (Fuss et

al,, 2014; GEA, 2012; Hoffert et al, 1998; IPCC, 2014; Marcucci et al,, 2017; Sachs et al,,


https://doi.org/10.1038/s41467-021-26356-y

2016). Moreover, this transformation of energy systems must be reconciled with both
sustainable development goals (Fay, Hallegatte, Vogt-Schilb, Rozenberg, & Narloch, 2015;
McCollum et al, 2018) and the considerable inertia of existing fossil energy infrastructure

(Tong etal, 2019).

Given this context, energy analysts are increasingly exploring the challenges and
opportunities for net-zero emissions energy systems (Davis et al,, 2018), including detailed
analyses of specific energy services and/or technologies (Audoly, Vogt-Schilb, Guivarch, &
Pfeiffer, 2018; C. Bataille, 2019; Dowling et al., 2020; Jenkins, Luke, & Thernstrom, 2018).
But although a number of recent studies have examined the mitigation pathways of energy
systems in integrated assessment model (IAM) scenarios that limit warming to below 1.5°C
(Fofrich et al, 2020; Gambhir, Rogelj, Luderer, Few, & Napp, 2019; Grubler et al,, 2018;
Gunnar Luderer et al., 2018; Joeri Rogelj, Popp, et al, 2018), the common features and
tradeoffs of such scenarios at the point when global CO2 emissions reach net-zero have yet
to be systematically assessed. These characteristics at the point of net-zero COz can inform
policies that might take varying approaches - including potential approaches that are not

represented by current scenario pathways - to reach the same goal of net-zero emissions.

Here, we analyze 177 IAM scenarios from the public 1.5°C Scenario Database (the SR1.5
database) (Huppmann, Kriegler, et al.,, 2018; Huppmann, Rogelj, Krey, Kriegler, & Riahi,
2018) in which global sources and sinks (including land use and agriculture) reach net-
zero COz emissions by 2100 (see Supplementary Table 1). Details of our processing and
analytic approach are described in the Methods section. In summary, we assess global and

regional energy use, energy sources, residual emissions, electrification, and climate policy



among the scenarios, finding robust features that span multiple IAMs (Joeri Rogelj, Shindell,
et al, 2018). For example, renewable sources represent roughly 60% of primary energy at
the point when they reach net-zero CO2 emissions—and often more than half of such
renewable energy is provided by biomass. However, it is important to note that the
scenario ensemble is not a representative sample that can be used to infer likelihood;

individual scenarios are equally plausible given model constraints.

1.2 Results

Energy Use and Timing of Net-Zero

Figure 1.1 shows the relationships among global energy and socioeconomic variables in
the year of global net-zero emissions, broken out by the level of projected global warming.
These categories include overshoot scenarios that return to the specified amount of
warming by end-of-century (see Methods). Among the 177 net-zero scenarios, those that
avoid mean end-of-century warming of 1.5°C (blue points) tend to have lower levels of
global energy use (t-statistic = 9.2, p < 0.001) and less GDP per capita (t-statistic = 8.6, p <
0.001): of the 77 1.5°C scenarios, GDP per capita is <$40,000 per person per year in 91%
(median $27,914, range $20,103-$58,506) and total final energy use is <500 EJ in 69%
(median 439 EJ, range 227-646; Fig. 1.1a). In contrast, energy use and GDP per capita are
substantially higher in scenarios that achieve net-zero emissions but exceed 1.5°C (green
and orange points): of the 100 2°C and >2°C scenarios, GDP per capita is <$40,000 per
person per year in only 43% (median $43,642, range $20,299-$116,666) and total final
energy use is <500 EJ in 24% (median 580 EJ, range 345-857; Fig. 1.1a). Although this may

reflect reduced energy use and economic activity in scenarios with the most ambitious
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mitigation, it is also related to when net-zero emissions occur in these scenarios.
Supplementary Figure A.1 supports this idea by showing that warming level is not strongly

related to the levels of energy use and GDP ultimately reached in net-zero scenarios.

Figure 1.1b shows that the warmer scenarios included achieve net-zero emissions in
progressively later years (median for all scenarios = 2064, range 2037 -2100), because the
additional time for the economy and energy system to grow in scenarios that achieve net-
zero emissions later leads to higher cumulative CO2 emissions (and therefore higher levels
of subsequent warming). Supplementary Figures A.2 and A.3 support this idea that more
ambitious scenarios achieve lower levels of warming via faster energy system
transformations. However, in contrast to the timing of net-zero, the timing of peak
emissions is consistent across the scenarios (and essentially immediate): emissions peak in
2017 (range 2014-2027) for 1.5°C scenarios, in 2019 (range 2011-2029) for 2°C scenarios,
and in 2022 (range 2010-2036) for >2°C scenarios (Fig. 1.1b). Although many scenarios
show emissions peaking prior to 2019 (which did not happen), the regional, socio -
economic, and technological representations that prevail when these scenarios achieve net-

zero emissions may nonetheless provide valuable insights for net-zero emissions policies.

Energy Resources

The use and sources of renewable energy in net-zero scenarios vary considerably, with
no obvious relationship to the level of warming (Fig. 1.1c). Although the median share of
primary energy derived from renewable sources (including biomass, solar, wind,
hydroelectricity, and geothermal, using the direct equivalent method (Macknick, 2014)) is

~60% regardless of warming level, in some cases it is as little as 25% and reaches 80% in a



few others (Fig. 1.1c). Similarly, the median share of these renewables that are not biomass
is ~55% regardless of warming level, but ranges from 20% to 89% (Fig. 1.1c).
Supplementary Figure A.4 further decomposes the sources of primary energy in net-zero
scenarios, showing, for example, that the largest share of primary energy from nuclear is
23%, with nuclear more often contributing a small share of energy (median share across all
scenarios is 4.8%, range 0-23.4%). Moreover, the share of primary energy from fossil fuels
(coal, oil, and natural gas) in net-zero scenarios with and without carbon capture ranges
from 3-64%, with a median share across all scenarios of 33% (Supplementary Figure A.4).
Of course, in net-zero scenarios, any residual emissions to the atmosphere from the use of

fossil fuels are offset by negative emissions strategies.

Residual Emissions and Electrification

The scale of residual emissions, i.e. emissions that are counter-balanced by equivalent
carbon sequestration, is important to consider given many feasibility concerns about
negative emissions technologies (Joeri Rogelj, Shindell, et al.,, 2018; P. Smith et al,, 2016).
Figure 1.1d shows that the emissions intensity of final energy may remain quite high in net-
zero scenarios (e.g., >30 Mt CO2/E] compared to the current level of ~81 Mt CO2/E]). This
“residual” emissions intensity is insensitive to the warming level or the energy intensity of
the global economy (although lower warming scenarios do tend to have lower energy
intensities based on median values by warming group; Fig. 1.1d). Given that the points
depicted in Fig. 1.1d are globally net-zero, the residual emissions are entirely offset by

negative emissions.



Complementing the common assertion that everything must be electrified (Jaffe, 2021;
Roberts, 2017), the scenario set indicates that reducing final energy use is also an
important determinant for achieving 1.5 or 2°C. Electricity accounts for 35-80% of final
energy across the range of net-zero scenarios, but is <70% in most >2°C scenarios (Fig.
1.1e). Even though electrification is a useful mechanism for decarbonization, warmer
scenarios tend to exhibit slightly higher levels of electrification at the timing of net-zero:
median shares of 1.5°C, 2°C and >2°C scenarios are 46% (range 35-80%), 51% (range 38-
77%), and 53% (range 42-67%), respectively, perhaps because they afford greater time for
end-uses to transition (Fig. 1.1e). This transition-time effect on the amount of
electrification is supported by Supplementary Figure A.3, which shows that scenarios that
are later in reaching net-zero tend to compensate with higher amounts of electrification
(Supplementary Figure A.3e). Warming amount is also correlated to both net-zero year (r =
0.73, p < 0.001; Fig. 1.1b) and electrification (r = 0.27, p < 0.001) in the Fig. 1.1 global
scenarios, which further supports the idea that warmer scenarios have slightly higher
amounts of electrification because they reach net-zero emissions later, thus allowing more
time for end-uses to transition and for costs to decline. However, these are subtle
distinctions in comparison to the differences in per capita energy use, where median shares
in 1.5°C, 2°C and >2°C scenarios increase from 47, to 63 and 75 GJ] per person, respectively.
For comparison, in 2019 the average American, EU, and Chinese citizen used 201, 93, and
63 GJ, respectively. Thus, keeping final energy low is clearly important to meet 1.5°C, while

there is more flexibility in the level of electrification that is required.
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Negative Emissions and Policy

The prevailing carbon prices in net-zero scenarios—a proxy for global climate
policies—range from zero to >$1,000/t CO2, yet with no clear relationship to either
warming level or the amount of carbon sequestration through bioenergy with carbon
capture and storage (BECCS) (Fig. 1.1f; note that 16 scenarios with prices >$2,000/t CO>
are notshown). It is important to note that carbon prices in the majority of SR1.5 scenarios
are endogenous “shadow” carbon prices that reflect the marginal cost of abatement, and
thus do not directly reflect the impact of explicit (exogenous) carbon pricing such as a
carbon tax or cap-and-trade system (Guivarch & Rogelj, 2017; Riahi et al, 2017; Joeri
Rogelj, Shindell, et al, 2018). Only 23 of the 177 scenarios we analyze here include
exogenous carbon pricing. The relationship between BECCS and carbon price should
therefore be interpreted as the impact of marginal abatement cost on BECCS deployment.
The lack of a clear relationship between the two does not necessarily mean that marginal
abatement cost is inconsequential for the magnitude of negative emissions, but rather
indicates that other dynamics relating to technology availability and costs may be the main
drivers of BECCS deployment. Additionally, the median amount of carbon sequestration
from BECCS increases in 1.5°C, 2°C and >2°C scenarios, from 6.4 (range 0-16.7) to 8.0
(range 0-18.8) to 11.3 (range 3.7-16.4) Gt COg, respectively (Fig. 1.1f), indicating that
warmer scenarios must rely on greater amounts negative emissions technologies to reach

net-zero emissions.
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Regional Energy Use, Energy Sources, and Electrification

Figure 1.2 shows regional differences in energy and emissions among net-zero
scenarios (in the year in which global CO2 emissions are net-zero). In some cases, these
differences are substantial and systematic. For example, Figure 1.2a shows that when
global emissions are net-zero, total final energy consumption is typically greatest in Asia
(blue points) and the OECD and EU countries (e.g., the U.S,, UK, France, Germany, etc.; pink
points)—in some cases more than 3 times the energy use in the Middle East and Africa,
Latin America, and Eastern Europe (including Russia; yellow, green and purple points,
respectively). Regional differences in GDP per capita in the net-zero year are somewhatless
dramatic, but projections in the OECD and EU region are often greatest (median of $67,944
per person, range $47,534-$146,341), and projections in the Middle East and Africa are

often lowest (median of $18,960 per person, range $6,263-$97,721; Fig. 1.2a).

As in the case of globally aggregated energy sources (Fig. 1.1c), the share of primary
energy derived from renewables and different types of renewables are quite different
across scenarios, with relatively little sensitivity to region (Fig. 1.2b). An exception is Latin
America (green points), which most scenarios show having both a higher share of primary
energy from renewables (median 80%, range 33-98%) and a greater share of those
renewables from biomass (median 58%, range 12-83%) than other regions (median shares

of renewables 58-67%, and median share of renewables from biomass 35-45%).

Regional variations in electrification are also small (regions’ median shares range from
43-52%), though final energy use per capita varies across regions in a pattern similar to

GDP per capita (Figs. 1.2a and 1.2¢; Supplementary Figure A.5). Despite lower GDP per
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capita, energy use per capita in Eastern Europe and Russia are similar to the OECD and EU
region (median energy use of 105 and 112 GJ/person, respectively), considerably greater

than in the other three regions (where median energy use ranges from 36-61 GJ]/person;

Fig. 1.2c; note that Eastern Europe and Russia per capita final energy exceeded 200

GJ/person in 2 scenarios that are not shown).

Regional Distribution of Residual and Negative Emissions

Importantly, when global emissions are net-zero, emissions in many scenarios are still
net-positive in some regions and (proportionately) net-negative in others. Figure 1.2d
shows the regional balance of per capita residual emissions from energy and industry and
per capita negative emissions from BECCS—i.e., net energy system emissions in the region
(when points are compared to the dashed black line). These differences in residual (F -
statistic = 141.6, p < 0.001) and negative emissions (F-statistic = 70.7, p < 0.001) across
regions can be at least partially explained by differences in investment: Supplementary
Figure A.6 shows that cumulative investment in non-fossil electricity supply up to the
global net-zero year is correlated with regional electrification (r=0.55, p < 0.001), negative
emissions from BECCS (r = 0.58, p < 0.001), and residual emissions from energy and
industry (r = 0.86, p < 0.001; Supplementary Figure A.6). The positive correlation between
non-fossil electricity investment and both BECCS and residual emissions is likely due to
BECCS primarily being used to offset residual emissions, such that scenarios with high
amounts of BECCS also have high amounts of residual emissions at net-zero. Of course,

investment is not the only cost-related driver of these regional characteristics, but it does
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appear to play a significant role in the smaller subset of scenarios that include investment

output values.

Residual emissions per capita tend to be greater in regions of Eastern Europe and
Russia and the OECD and EU (median values of 1.8 (range 0.2-4.9) and 1.9 (range 0.1-5.2)
t COz/person, respectively; pink and purple points in Fig. 1.2d). However, these regions
also have greater per capita negative emissions from BECCS than Asia and the Middle East
and Africa regions, such that they are net-negative in nearly as many scenarios (40.1% and
49.4%, respectively) as they are net-positive (59.9% and 50.6%, respectively). In contrast,
Latin America’s energy system is net-negative in 78.1% of the scenarios (green points) and
the Middle East and Africa and Asia regions are net-negative in just 14.0% and 19.4%,
respectively (orange and blue points, respectively). This supports recent research on
regional and country-level negative emissions distributions in the context of regional net-
zero emissions (Honegger & Reiner, 2018; van Soest, den Elzen, & van Vuuren, 2021) and
indicates that burden-sharing between currently less-developed regions may not be well-
balanced in IAM outputs when global emissions reach net-zero. While there are many
different approaches to defining a well-balanced mitigation effort (Zhou & Wang, 2016),
burden-sharing approaches that consider equity as a key component are vital for meeting
sustainable development goals (Cantore & Padilla, 2010). Analysis of the SR1.5 scenarios in
the context of equitable emissions/negative emissions allocation and sustainable

development warrants further research.

Figure 1.3a shows the global distributions of residual and negative emissions in net-

zero scenarios, including both those explicitly tied to the energy system (i.e. residual
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emissions from energy and industrial processes and negative emissions from BECCS) and
those related to agriculture and land use (including afforestation and reforestation), which
are major sources of negative emissions in many IAMs (Fuhrman ], 2019). The aggregate
patterns are striking: in warmer scenarios, net emissions from agriculture and land use
tend to be less negative, residual emissions are higher, and these trends must be
compensated for by larger negative emissions from BECCS (Fig. 1.3a). In net-zero scenarios
where warming is >2°C, negative emissions from BECCS in the net-zero year are on average
10.5 Gt CO2, and in no scenario <3.7 Gt (range 3.7-16.4; Fig. 1.3a). In contrast, there are
some 1.5°C and <2.0°C scenarios in which there are no negative emissions from BECCS
because more modest residual emissions are balanced by larger negative emissions from
land uses (excluding BECCS), such as afforestation (Table 1.1). The negative emissions from
BECCS also decreases in more ambitious mitigation scenarios, with mean values of
8.7(range 0-18.8) Gt CO2 and 6.7(range 0-16.7) Gt CO2 for <2.0°C and 1.5°C scenarios,
respectively (Fig. 1.3a; Table 1.1). Although residual emissions outputs by end-use sector
were not available for many of the scenarios we assessed, transportation was the dominant
source of residual emissions in the 40 scenarios which report these detalils, followed by

either the industry or residential and commercial sectors (see Supplementary Figure A.7).

Global averages conceal considerable regional heterogeneity of emissions in a net-zero
world. Figure 1.3b shows that potential negative emissions from land use are largest in
Latin America (on average -1.1 Gt COz in the net-zero year, range -4.8-1.7 Gt), while Asia is
projected to be by far the largest source of residual emissions (on average 3.8 Gt CO: in the

net-zero year, range 0.3-10.3 Gt). Asia and the OECD and EU regions are also the largest
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sources of negative emissions from BECCS (on average 2.5(range 0-8.7) and 2.4(range 0-

6.0) Gt negative CO2 emissions in the net-zero year, respectively; Fig. 1.3b).

Relationships Between Scenario Characteristics

Figure 1.4 compares all 177 net-zero scenarios according to 6 global characteristics in
the net-zero year: the share of final energy that is electricity, the share of primary energy
derived from renewables, the share of renewable energy that is derived from non-biomass
sources, energy conservation (i.e, the inverse of per capita energy demand), the magnitude
of negative emissions from BECCS, and net land use emissions. Each panel in Figure 1.4
sorts all the scenarios according to one of these characteristics, with scenario values shown
as z-scores. Pairwise correlation coefficients (r) are also shown at the top of each column to
quantitatively compare each set of parameters (Supplementary Figure A.8). Plotted this
way, for example in (a), it is evident that those scenarios in which electricity accounts for a
greater share of final energy also tend to be associated with greater shares of renewable
energy (r = 0.64, p < 0.05) and non-biomass renewable energy (r = 0.59, p < 0.05), but less
energy conservation (i.e. greater per capita energy use, r = -0.35, p < 0.05; Fig. 1.4a).
Scenarios with greater shares of renewable energy tend to have higher shares of non-
biomass renewable energy (r = 0.50, p < 0.05; Fig. 1.4b), while scenarios with greater
amounts of energy conservation tend to have lower shares of non-biomass renewable
energy, and vice versa (r = -0.46, p < 0.05; Fig. 1.4c and 1.4d). The relationship among these
characteristics and the magnitude of negative emissions from BECCS and/or net land use
emissions is less clear and may be more dependent on the IAM or specific scenario used in

each case. Since the process-based [AMs considered here use cost-effectiveness analysis
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(CEA) (Joeri Rogelj, Shindell, et al., 2018), which minimizes the total mitigation costs of
reaching a specified climate goal, all associations between output variables are essentially a
reflection of what is cheapest. For example, in a scenario where substantial residual
emissions remain at net-zero and are offset by correspondingly large amounts of negative
emissions, reducing gross emissions to zero must have been more expensive than
continuing to emit and offsetting with negative emissions. The most cost-effective outputs
for scenarios are also based on the assumptions of individual models, including the

availability and cost of technologies.

To further explore this relationship between negative emissions and other parameters,
the underlying structure of the IAMs is important to consider: some of the SR1.5 models
are partial equilibrium models (e.g, POLES ADVANCE) while others are general
equilibrium (e.g. AIM-CGE 2.0 and 2.1) or hybrid models (e.g.,, MESSAGE-GLOBIOM 1.0) that
link the two (Huppmann, Kriegler, et al., 2018). Additionally, certain scenarios have
conditions that limit the amount or type of negative emissions technology used, such as
EMF33_1.5C_limbio, which sets a limit of 100 EJ/year for the amount of bioenergy from
BECCS, cellulosic fuels, and hydrogen (Huppmann, Kriegler, et al,, 2018). Supplementary
Figure A.9 shows the scenario ranges for residual emissions, non-biomass renewable
energy share, and electrification for each model. These ranges demonstrate how the
structure and assumptions of individual models affect the scenario outputs (Bistline, 2021;
Jaxa-Rozen & Trutnevyte, 2021): for example, GCAM scenarios tend to have systematically
higher residual emissions and lower amounts of non-biomass renewable energy and

electrification than those of other models (Supplementary Figure A.9). Such model
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differences are visible in comparing individual scenarios, but the output ranges are more

sensitive to the scenario constraints than on the models (Supplementary Figure A.10).

1.3 Discussion

In addition to renewable and net-zero targets, “electrify everything” has become an
explicit policy goal in a growing number of places (Mingle, 2020), particularly regarding
heating and cooking in the residential and commercial sectors (Deason & Borgeson, 2019;
Sugiyama, 2012) and light-duty transportation (Needell, McNerney, Chang, & Trancik,
2016; Zhang & Fujimori, 2020). In contrast, in most net-zero scenarios, electricity accounts
for less than half (median 48.5%) of final energy (Fig. 1.1e), including in the OECD and EU
region (Fig. 1.2c). Although electricity makes up a greater fraction of final energy in all net-
zero scenarios than it does today (~15% today), in some regions and cases electricity
remains less than 30% of final energy used (Fig. 1.2¢c). This emphasizes that IAMs project
considerable ongoing use of solid, liquid, and gaseous fuels in hard-to-electrify sectors
(such as construction, agriculture, aviation and shipping) even when emissions are net-
zero (Supplementary Figure A.11). In this context, lower levels of final energy use per
capita is one of the more robust trends of 1.5°C scenarios. Meanwhile, our finding that
electricity is somewhat less prevalent at the net-zero point in scenarios with lower
warming may reflect the additional time available for end uses to electrify in less ambitious

(higher warming) scenarios (Fig. 1.1e and 1.1b).

Although the current carbon intensity of final energy (~81 Mt CO2/E]) declines
drastically in many net-zero scenarios (Fig. 1.1d), the absolute quantity of residual

emissions remains substantial in many of the scenarios—as often as not >10 Gt CO2
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globally in the net-zero year (Fig. 1.3). This translates into prodigious quantities of negative
emissions required, with perhaps proportional social, techno-economic, and biophysical
challenges (Fuss et al, 2014; Hepburn et al, 2019; P. Smith et al,, 2016). But we also find
that both the residual emissions and the negative emissions required to offset them are not
evenly distributed across world regions (Figs. 1.2d and 1.3b), which may have important
implications for human development and equity (Pozo, Galan-Martin, Reiner, Mac Dowell,
& Guillén-Gosalbez, 2020). In particular, net-zero scenarios frequently show substantial
negative emissions from land use in the Latin America region but the bulk of residual
emissions occurring in other regions (Fig. 1.3b). Although the magnitude of negative
emissions is not strongly related to the composition of the energy system, those scenarios
with greater quantities of negative emissions from BECCS seem to also have greater levels
of final energy demand and lower shares of non-biomass renewables (e.g., solar, wind,
hydro; Fig. 1.4e). In contrast, the scenarios with greater negative emissions from land use
(e.g., afforestation; represented by orange color in Figure 1.4f) also have higher final energy
demand, but have higher shares of non-biomass renewables (Fig. 1.4f). This reflects a
logical trade-off in the availability of bioenergy and land-based carbon storage and suggests
that the balance in [AMs outputs is being influenced by the level of future energy demand.
However, it should be noted that prior studies have found that the value of negative
emissions from BECCS will be more important than the value of generated electricity

(Mathilde Fajardy et al., 2021; Muratori, Calvin, Wise, Kyle, & Edmonds, 2016).

Finally, the relationships between energy use, GDP, and likely warming amount show
that energy use is often limited in net-zero scenarios, especially for scenarios that limit

warming to a greater extent (Fig. 1.1a). The median final energy consumption in global net-
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zero scenarios is 521 (range 227-857) EJ, compared to 416 E] in 2018 (IEA, 2019). Given
that global population is expected to reach nearly 9.5 billion by 2064 (median net-zero
year) in SSP2 (Samir & Lutz, 2016), if per capita energy use remains constant at ~55
GJ/person, total final energy consumption will approach 523 EJ in 2064 - approximately
equal to the net-zero scenario level. If instead per capita energy use continues to increase
by about 0.16 G]/person per year, as it did from 1971-2018 on average (IEA, 2019; World
Development Indicators, 2019), total final energy consumption will approach 588 EJ in 2064
- 67 E] above the net-zero scenario level. So, in order to limit final energy use to ~521 EJ in
the median net-zero year, mean global per-capita energy use would have to remain nearly

constant.

The process-based IAMs considered here have proven extraordinarily useful for
articulating the overall shape of long-term mitigation pathways at a macro-regional to
global scale, but they are also limited in many ways that might influence our understanding
of net-zero on a more detailed level. For example, because [AMs are designed to focus on
larger-scale trends, they tend to have lower technological, temporal, and spatial resolutions
compared with detailed energy system models (Bistline et al,, 2020; Gambhir, Butnar, Lj,
Smith, & Strachan, 2019) and do not consider the broad range of societal dynamics and
political economy factors that can drive national emissions reduction strategies. Their
strength in comprehensiveness is therefore balanced by limits to the detail in which they
canrepresentregional or technological details that may be very relevant for actual strategy
making, particularly with regard to rapid and disruptive technological change (e.g.,
management of electricity grids with high penetration of variable renewables, electric cars,

greater digitalization, and hydrogen utilization pathways in heavy industry). Some studies
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have shown that because of this lower spatiotemporal detail, IAMs may be underestimating
the role of variable renewables such as solar PV (Creutzig et al,, 2017; Gambhir, Butnar, et
al, 2019). Furthermore, in this study we do not explicitly consider the detailed aspects of
the agriculture, forestry, and other land use (AFOLU) sector and non-CO2 emissions;
however, these aspects are accounted for in the IAM frameworks themselves, which
consistently include the linkages and tradeoffs between AFOLU and non-COz emissions.
The global full-economy representation provided by [AMs in this context make them
important tools in understanding pathways to net-zero greenhouse gas emissions balance
as foreseen in Article 4 of the Paris Agreement. For all of these reasons, the net-zero
scenarios we analyze here certainly do not reflect many of the details that will characterize
net-zero emissions energy systems in the real world, but IAMs nonetheless remain critical
bridges between more detailed energy systems models and long-term projections of

climate change.

In the time since the SR1.5 database was released, increased efforts have been made to
improve the model representation of key technologies, such as carbon-neutral liquid fuels,
long-term storage of variable renewable energy, and negative emissions strategies. Given
that these scenarios show liquid fuels remaining prevalent in the existing net-zero
scenarios, such modeling improvements will be important to monitor going forward. The
relationship between higher residual emissions and corresponding higher amo unts of
negative emissions in warmer scenarios points toward reducing residual emissions as a
target for policy improvement, since negative emissions strategies are required to offset
any amount of residual emissions at net-zero. Reliance on massive amounts of future
negative emissions poses substantial risk, given that there is still considerable uncertainty
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surrounding the feasibility of negative emissions technologies at such large scales (Fuss et
al, 2014; P. Smith et al, 2016). Policies that support carbon-neutral fuels and technologies
now would in turn reduce the amount we must rely on large amounts of negative emissions
to avoid harmful levels of warming in the future. Our findings thus represent an
opportunity to assess emerging policies and energy trends in the context of longer-term

global goals of limiting climate change.

1.4 Methods

Data source. All of the model scenarios analyzed as part of this study were obtained
from the public 1.5°C Scenario Database (the SR1.5 database), hosted by the International
Institute for Applied Systems Analysis (IIASA) through a process facilitated by the
Integrated Assessment Modelling Consortium (doi: 10.5281/zenodo.3363345 |

url: data.ene.iasa.ac.at/iamc-1.5c-explorer). The model outputs in the database were

generated by the various Integrated Assessment Models (IAMs) listed in Supplementary
Table S1, and compiled by the Integrated Assessment Modeling Consortium (IAMC)
(Huppmann, Kriegler, et al.,, 2018; Huppmann, Rogelj, et al,, 2018). The full scenario set was
curated as part of the IPCC Special Report of Global Warming of 1.5°C, Chapter 2 on
mitigation pathways and details of the models and scenarios are detailed in the Technical
Annex of the Chapter. The processes are described in more detail by Huppmann et al.
(Huppmann, Kriegler, et al, 2018; Huppmann, Rogelj, et al,, 2018). In this paper we use
versionr2.0 of the all regions dataset. The 177 scenarios we assess here were produced by
7 main models (with 16 individual model variations), and thus are not truly independent of

each other since each IAM has its own assumptions built into the model framework.
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While an updated scenario database is being developed for the upcoming IPCC Sixth
Assessment Report (AR6), our analysis is specifically about the characteristic of the net-
zero energy system at the point of net-zero, and not the pathway up to that point. The
broader insights of net-zero energy system characteristics gained from our analysis are
thus valuable and we expect they won'’t differ significantly in subsequent analyses of the
next generation of (AR6) scenarios. Moreover, although recent developments in the power
sector, e.g. renewables, have been faster than expected, the observed values for 2019-2020
are still within the range of the SR1.5 scenarios. For example, in 2020, approximately 2.94
EJ] was generated from solar electricity (IEA, 2021) and the SR1.5 scenario outputs for
Secondary Energy|Electricity|Solar range from 0.17-6.6 E], with a median value of 1.76 E]
and a mean value of 2.4 EJ. For wind energy, approximately 5.88 E] was generated in 2020
(IEA, 2021), and the SR1.5 scenario outputs for Secondary Energy|Electricity|Wind range

from 0.97-23.6 EJ], with a median value of 7.4 EJ and a mean value of 6.9 EJ.

[AMs have a long and sometimes controversial history in their efforts to characterize
emissions pathways with the aim of mitigating climate change. The IAMs here are primarily
what would be considered as complex “process-based” [AMs, as opposed to simpler “cost-
benefit” [AMs that primarily simulate climate-economy relationships to estimate the social

cost of carbon (Fisher-Vanden & Weyant, 2020).

They use a variety of over-arching modelling methods including linear programming,
partial- and computable general equilibrium, and recursive-dynamic formulations. The
models used tend to represent macro-economic regions, comprising large countries and
trading blocs, ranging from a few to tens of regions with inter-regional trade of

commodities, such as fuels and biomass. This regional information was aggregated in the
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[PCC SR1.5 process to a common 5-region definition (as above) to facilitate comparison.
Temporal resolution is typically at 5 or 10-year timesteps, which is good for determining
the levels of investments required, whilst abstractions need to be made to ensure that
reliability of electricity systems remains plausible, such as ensuring that enough flexible

reserve is available to meet peak electricity demands.

Scenarios representing climate policy tend to be implemented using carbon budget
constraints that limit the cumulative carbon emissions over a period such that warming
does not pass the desired level, e,g. 2°C. Further scenario-related constraints may limit a
wide range of parameters, such as technological options and shares, rates of change and

diffusion, etc.

The IAMs whose scenarios we assess here do not include feedbacks from climate
impacts and damages, despite the fact that some studies have shown these could be
substantial (K. Calvin & Bond-Lamberty, 2018; Woodard, Davis, & Randerson, 2018).
Rather the models are designed to inform mitigation efforts and have relatively simplistic
representations of the Earth system (K. Calvin & Bond-Lamberty, 2018). Some IAMs are
beginning to include feedbacks between, for example, temperature changes and energy
use(Katherine Calvin, Patel, etal, 2019), and more ambitious efforts are underway that will
incorporate human energy, food and water systems into robust Earth system models

(Katherine Calvin, Bond-Lamberty, et al.,, 2019; Collins et al,, 2015).

Filtering and analysis of scenarios. Our analysis includes only scenarios that reach
net-zero CO2 emissions by the end of this century (year 2100). We define the net-zero

emissions year for each scenario (i.e., the x-axis in Fig. 1.1b) as the first year that net global
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CO2 emissions were equal to or less than zero. Because each model produces parameter
outputs at 5- or 10-year time steps, we interpolated annual data using second-order

polynomials.

We only consider CO2 and not CH4 or N20 for several reasons. First, many of the current
net-zero policy targets are for net-zero CO2 specifically (J. Rogelj et al,, 2021). Results from
this analysis will therefore be relevant to those policies in the context of net-zero COz2.
Second, entirely eliminating CH4 or N20 emissions will entail development of new
technologies, particularly for removing these gases from the atmosphere (R. B. Jackson,
Solomon, Canadell, Cargnello, & Field, 2019), such that there are not yet practicable
pathways to net-zero for these gases (J. Rogelj et al,, 2021). Third, N20 is primarily related

to agriculture, and our analysis is focused on the energy system.

The scenarios are categorized into 6 regions (global and the five world regions defined
in the SR1.5 database) and 3 consolidated levels of end-of-century global warming, based

on the wider set determined in the IPCC report:

e 1.5°C, which includes “below 1.5°C,” “1.5°C return with low overshoot,” “1.5°C return
with high overshoot”;

e 2°C, which includes “lower 2.0°C” and “higher 2.0°C,” and;

e >2°C,which corresponds to the category “above 2.0°C”. These scenarios have >50%
likelihood of exceeding global mean temperature change of 2.0°C by 2100, with no

set upper bound of temperature change.

These global warming outcomes are primarily characterized by the “likely” (>50% chance)

of reaching the specified temperature level by 2100. Further sub-categories of “overshoot”
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scenarios, based on the peak-warming and then return to a stabilization temperature help

identify between scenarios that rely on substantial amounts of net-negative emissions.

The output variables for [AMs in the SR1.5 database are not entirely consistent; some
models have extensive lists of outputs and regional and sectoral breakdowns, while others
have comparatively few outputs and are missing some variables altogether. Our analysis
therefore relies only on those IAM scenarios that include all output variables required for
our analysis (177 out of 202 total net-zero emissions scenarios; see Supplementary Table
S1). Our interest in including as many scenarios as possible had to be balanced against our
interest in exploring more detailed geographical and technological characteristics. Our
analysis used the following 7 output variables: (1) CO2 emissions (total net, energy and
industrial processes net, AFOLU net), (2) Population, (3) GDP (PPP), (4) Primary energy,
direct equivalent (total, fossil, nuclear, solar, wind, hydro, biomass), (5) Carbon
Sequestration through BECCS, (6) Carbon price, and (7) Final energy (total and share from
electricity). Residual CO2 emissions were calculated by adding the residual emissions from
energy and industrial processes (and, if applicable, the residual AFOLU emissions) to the
amount of carbon sequestration from BECCS in the net-zero year via the following

equations:

If ‘Emissions|CO2|Energy and Industrial Processes’ is positive at net-zero:

e ‘Emissions|CO2|Residual Fossil’ = ‘Emissions|CO2| Energy and Industrial Processes’

+ ‘Carbon Sequestration|CCS|Biomass’

If ‘Emissions|CO2|Energy and Industrial Processes’ is negative at net-zero:
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¢ ‘Emissions|CO2|Residual Fossil’ = ‘Emissions|CO2| Energy and Industrial Processes’

+ ‘Carbon Sequestration|CCS|Biomass’ + ‘Emissions|CO2|AFOLU’

Additional context for policymakers. Around the world, countries and jurisdictions
are adopting energy policies that mandate high levels of renewable or zero-carbon
electricity in the next few decades (IEA, 2020; Ross & Damassa, 2015). For example, in the
U.S., 14 states (California, Colorado, Hawaii, Maine, Maryland, Massachusetts, Nevada, New
Mexico, New Jersey, New York, Oregon, Vermont, Virginia, and Washington) have laws
requiring that >50% of electricity come from renewables such as wind, solar and biomass
(but often excluding large-scale hydropower). Such goals are consistent with our analysis
of net-zero scenarios generated by IAMs: renewables (including hydro) account for >50%

of all primary energy in 74% of the net-zero scenarios.

However, many locations have pledged or mandated 100% renewable electricity
and/or 100% net-zero emissions economy-wide by 2050, including the proposed EU
Climate Law, and laws or government orders in the U.S. states of Hawaii, New York,
Washington, and California. Although details of these plans vary, it is noteworthy that very
few of the net-zero scenarios reflect these goals at the macro region level. This is due to the
way that sources and sinks, from energy and land use sectors, and between COzand non-
CO2 sources, are optimized over much larger spatial extents including the influence of
inter-regional trade, rather than policies that are enacted at state- and country-level. For
example, the share of primary energy derived from renewables in the first year of net-zero
or net-negative emissions is <80% in all but 2 of the 177 scenarios (Fig. 1.1c). Similarly,

emissions in the OECD and EU region remain net-positive in more than half of the net-zero

27



scenarios (pink points in Fig. 1.2d). Thus, we advise caution when interpreting these
results, to note that aforementioned zero-carbon energy policies are not necessarily over-
ambitious or inconsistent with global and macro-regional IAM scenarios, because other
nearby places and regions (e.g., Middle East and Africa), are likely to still be net-positive at

the point at which global CO2 emissions hit net-zero (Figure 1.2d).
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Figure 1.1 | Global net-zero emissions energy systems. Scenarios that reach net-zero emissions
show differences in energy use (a), emissions trajectory (b), energy sources (c), residual emissions
(d), electrification (e), and policy (f), particularly with respect to warming levels (blue = <1.5°C,
green = <2.0°C, orange = >2.0°C). Points represent individual scenarios, with frequency of scenarios
shown along each axis for each warming level (colors corresponding to warming levels) and for all
scenarios (black). Colored dashed lines and values indicate medians for warming groups, with

colors corresponding to warming groups. Gray dashed lines indicate reference values for the year
shown in gray.
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Figure 1.2 | Characteristics ofregional energy systems and emissions when global emissions
reach net-zero. Scenarios that reach net-zero emissions globally (n=175 scenarios with all
regions) show regional differences in energy use (a), energy sources (b), electrification (c), and net
emissions (d). Points represent individual scenarios, with frequency of scenarios shown along each
axis for each region (Asia = blue, Latin America = green, Middle East+Africa = orange, OECD+EU
countries = pink, and Eastern Europe+Russia = purple). Colored dashed lines and values indicate
medians for each region.
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Figure 1.3 | Residual and negative emissions when global emissions reach net-zero. Residual
and negative emissions in net-zero scenarios show global differences across different warming
levels (a) and regions (b). In each case, the boxes show the range from 25th to 75t percentiles,
whiskers show the 5t and 95t percentiles, and the lines and circles within the boxes denote the
median and mean values, respectively.
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Figure 1.4 | Relative characteristics of scenarios in the year in which global emissions reach
net-zero. “Electrification” is the share of final energy consumed as electricity. “Renewables” is the
share of primary energy supplied by biomass, solar, wind, hydroelectricity, and geothermal. “Non-
biomass ren.” is the share of renewable energy sources provided by sources other than biomass.
“Energy conservation” here reflects the inverse of final energy per capita, such that warmer colors
indicate higher levels of energy consumption. “Negative ems-BECCS” is the total amount of negative
emissions from bioenergy with carbon capture and storage. “Net ems-land use” is the net amount of
global CO2 emissions related to land use. Panels show scenario values (rows) sorted by (a)
electrification, (b) renewables share, (c) non-biomass renewables share, (d) energy conservation,
(e) negative emissions from BECCS, and (f) net land use emissions. Mean and standard deviation for
parameters are shown below each column, and pairwise correlation coefficients (r) are shown in
bold at the top of each column. Black r-values are statistically significant (p < 0.05), while red r-
values are not.



Warming Statistic Final Primary Primary Primary Renewable Final energy Carbon Net CO2 Energy Net-
Category energy as Energy, Energy, Energy, Energy, per capita seq., BECCS emissions, Intensity Zero
electricity Fossil Nuclear R Non-bi (GJ/person) (Mt COz) land use of GDP Year
(%) (%) (%) (%) Renewables (Mt COz) (E)/
(%) $Trillion)
<15°C Median 46.1 326 48 635 519 474 6,356.8 -29676 17 2052
(n=77)
Mean 46.7 340 58 60.2 518 483 6,7223 -2,6969 17 2054
Min 345 139 0 28.0 203 245 0 -13477.0 08 2037
Max 799 619 157 783 84.0 762 16,7212 49104 24 2100
2°C Median 509 342 48 594 584 62.8 79774 -23778 15 2073
(n=81)
Mean 514 343 6.3 594 56.0 612 87324 -2462.1 15 2075
Min 384 35 04 258 229 36.1 0 -17,1521 08 2050
Max 770 636 16.6 937 887 88.7 18,7786 6,039.5 22 2100
>2°C Median 532 287 34 63.7 584 754 11,2604 -962.1 13 2088
(n=19)
Mean 526 312 73 615 533 730 10,505.6 -9939 13 2088
Min 418 183 02 335 318 425 3,7210 -4,884.2 0.7 2066
Max 66.7 517 234 787 723 108.1 16,3559 54109 29 2100
All Median 485 327 48 622 552 56.6 74813 -2,5038 16 2064
(n=177)
Mean 495 338 6.2 60.0 539 5638 8,0483 -2,406.6 15 2067
Min 345 35 0 258 203 245 0 -17,152.1 0.7 2037
Max 799 636 234 937 887 108.1 18,778.6 6,039.5 29 2100
F-stat 76 0.6 09 02 08 511 108 21 6.2 105.0
p-value <0.001 0.539 0394 0.808 0472 <0.001 <0.001 0121 0.002 <0.001

Table 1.1 | Ranges of values in global scenario net-zero year. Median, mean, minimum, and
maximum for each scenario group are shown for each variable. In the final two rows, the F-statistic
from a one-way ANOVA test is shown for the “all scenarios” group, indicating the magnitude of
variation between warming group means for that variable across all 177 scenarios. Statistical
significance of the F-statistic is indicated by p-values (bottom row), with p-values <0.05 indicating
that the variation between warming groups is statistically significant.
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CHAPTER 2

Seaweed farming for climate change mitigation

The text of this chapter is adapted from:

DeAngelo, J., B.T. Saenz, I.B. Arzeno-Soltero, C. Frieder, M.C. Long, ]. Hamman, K.A. Davis,

and S.J. Davis. Economic and biophysical limits to seaweed farming for climate change
mitigation. Nature Plants 9, 45-57 (2023). https://doi.org/10.1038/s41477-022-01305-9

2.1 Introduction

Reaching net-zero CO2 emissions will entail drastically reducing fossil fuel emissions
and offsetting any residual emissions by removing carbon from the atmosphere (i.e.
negative emissions) (Davis et al,, 2018; DeAngelo et al,, 2021; Fankhauser et al,, 2022; Fuss
etal, 2014; T. Gasser, Guivarch, Tachiiri, Jones, & Ciais, 2015). Biomass-based technologies
may help on both fronts, by supplying carbon-neutral alternatives to fossil fuels (Reid, Alj,
& Field, 2020; Vardon, Sherbacow, Guan, Heyne, & Abdullah, 2022) and providing negative
emissions via enhancement of natural sinks (Griscom et al, 2017) and/or bioenergy with
carbon capture and storage (Hanssen et al,, 2020). However, numerous studies have
questioned whether terrestrial biomass can provide either energy or negative emissions at
the scales required in many climate mitigation scenarios, often owing to limited land and
water resources (M. Fajardy & Mac Dowell, 2017; Heck, Gerten, Lucht, & Popp, 2018; P.
Smith et al, 2016). This has driven surging interest in ocean-based carbon dioxide removal,
including via cultivated macroalgae (seaweed), which would not require inputs of land or
freshwater and might have environmental co-benefits (e.g., (AIEEP, 2021; Bach et al,, 2021;

Duarte et al, 2017; Froehlich et al, 2019; Gao etal,, 2021; Gattuso et al.,, 2021; Krause -
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Jensen & Duarte, 2016; NASEM, 2021; Wu et al,, 2022)). Seaweed products might also help
to lower greenhouse gas emissions, for example by reducing methane emissions from
ruminants (Breanna M. Roque etal,, 2019), and replacing fossil fuels (Freeman & von Keitz,

2017) and emissions-intensive agricultural products (Hong etal,, 2021).

Seaweed has been successfully farmed in some places for centuries, and used for food,
animal feed, and in more modern times, cosmetics, medicine, fertilizer, and biofuels
(Aitken, Bulboa, Godoy-Faundez, Turrion-Gomez, & Antizar-Ladislao, 2014; Buschmann et
al, 2017; Ghadiryanfar, Rosentrater, Keyhani, & Omid, 2016; Soleymani & Rosentrater,
2017). Production of seaweed for food increased 6% per year from 2000-2018 (FAO,
2020b) and seaweed harvest totaled ~1 million tons of carbon worldwide in 2018 (FAO,
2020b). In comparison, climate scenarios that limit warming to 1.5° or 2°C generally
require more than 1 gigaton of carbon (i.e. >3.67 Gt CO2) to be removed annually from the
atmosphere in the year CO2 emissions reach net-zero (DeAngelo et al, 2021). To contribute
to such climate goals, seaweed farming must therefore expand tremendously, and in turn
contend with large uncertainties in the productivity of different types of seaweed in
different places, the net costs of farming, the magnitude of emissions avoided or carbon
sequestered, and the potential for undesirable ecological impacts. Recent studies of
seaweed farming have examined localized opportunities and dynamics in particular
regions (Bach etal, 2021; Gao et al, 2021; Hadley, Wild-Allen, Johnson, & Macleod, 2015),
made rough estimates of the global potential (de Ramon N‘Yeurt, Chynoweth, Capron,
Stewart, & Hasan, 2012; Froehlich et al, 2019; Gattuso et al, 2021; Lehahn, Ingle, &
Golberg, 2016), and modeled the Earth system response to gigaton-scale production (Wu et

al, 2022). Yet the productivity, costs, and potential climate benefits of such farming are
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spatially heterogeneous and scale-dependent, and the key sensitivities and trade-offs
important to investors and decision makers have not been comprehensively evaluated.
Here, we use coupled biophysical and technoeconomic models to systematically assess the
economic costs and potential climate benefits of seaweed farming, testing their sensitivity

across large ranges in individual variables and comparing different product pathways.

Details of our analytic approach are described in the Methods. In summary, we use
outputs from a newly-developed biophysical model (G-MACMODS) (Arzeno-Soltero et al,,
2022; Frieder et al., 2022) to estimate potential harvest of four different seaweed types
(tropical red, tropical brown, temperate red, and temperate brown; Supplementary Fig.
B.1) ata resolution of 1/12° (~9 km at the equator) globally. Nutrients are a key constraint
on seaweed growth. G-MACMODS assumes that nitrogen is the limiting nutrient and we
model two idealized scenarios: an “ambient” nutrient scenario that computes growth based
on observed, climatological surface nitrate concentrations, and a “limited nutrient”
scenario that computes growth rate based on ambient nitrate concentrations, but limits
algal biomass increases so as notto exceed the magnitude of local natural (upward) nitrate
supply as estimated by a high-resolution simulation of the Community Earth System Model
(Harrison, Long, Lovenduski, & Moore, 2018). Based on the simulated yields, we then
calculate spatially-explicit costs per ton of seaweed harvested and either costs per ton of
GHG emissions avoided (when used as food, feed, or for biofuels) or costs per ton of carbon
removed from the atmosphere as a carbon dioxide removal (CDR) strategy. Given the large
uncertainty in technoeconomic parameters, we perform a Monte Carlo simulation with
n=>5,000 for each nutrient scenario, assuming uniform distributions of each variable.

Technoeconomic variables include (1) farming costs (e.g., capital cost, harvest costs), (2)
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for carbon sequestration, the fraction of sunk seaweed carbon sequestered for > 100 years
in the deep sea, and (3) for GHG emissions mitigation, the net cost and net emissions of
seaweed transported and converted into a product (Table 2.1; see Supplementary Tables
B.1 and B.2 for listings of all variables and relevant sources). We test the model sensitivity
to seaweed yield by sampling from a normal distribution of seaweed yield uncertainty for
each Monte Carlo simulation. Additionally, because seaweed draws carbon from the sur face
ocean dissolved inorganic carbon pool (which does not maintain instantaneous equilibrium
with the atmosphere) and because large-scale seaweed farming can reduce natural carbon
uptake by phytoplankton via nutrient competition, we include a variable representing the
net efficiency of seaweed growth in reducing atmospheric CO2 (“atmospheric removal
fraction”; Supplementary Table B.1). Our approach is predicated on large uncertainties
associated with most of the variables we analyze, not only in the future butalso the present
(the relatively few costs reported in the literature are location- and/or species-specific), as
well as our primary goal of informing future research by identifying relative differences,

sensitivities and trade-offs that are robust across our simulations.

2.2 Results

Seaweed production cost

The maps in Figure 2.1 show the range of modeled seaweed production costs (i.e. $ per
ton of harvested dry weight prior to transport) in different regions under the ambient
nutrient scenario and assuming the most-productive type of seaweed is grown in each grid
cell (Supplementary Fig. B.2 shows analogous costs for limited nutrient scenario).

Minimum modeled costs (Figs. 2.1a, d) thus reflect high levels of seaweed growth (ambient
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nutrients) and very low assumed costs of farming, whereas the maximum costs in
Supplementary Fig. B.2c and B.2f reflect lower levels of seaweed growth in most areas
(limited nutrients) and high-end cost assumptions. Since our ability to accurately assess
the role of nutrient constraints as a determinant of yield is a major driver of total
uncertainty in cost, our results are thereby likely to encompass a wide range of outlooks,
including substantial future reductions in farming costs related to technological
breakthroughs, returns to scale, and boosted productivity (e.g., autonomous farms, depth

cycling, artificial upwelling, and offshore integrated multi-trophic aquaculture (Gao,

Beardall, et al,, 2022; Gao, Gao, Fu, Li, & Xu, 2022)).

Although the spread in average cost in the 1% of ocean area where costs are lowest
(labels beneath each panel) range from $190-$2,790 per ton of dry weight (tDW) seaweed
yield, regional patterns of production costs are relatively consistent across cost simulations
(Fig. 2.1). For example, the equatorial Pacific, Gulf of Alaska, and southeastern edge of
South America are consistently among the lowest cost areas to produce seaweed (yellow
and green shading in Fig. 2.1), and there are large swaths of ocean that cannot produce
seaweed for <$2,000/tDW in any case (areas shaded blue in Fig. 2.1). These patterns reflect
the combination of seaweed productivity and the associated number of harvests
(Supplementary Figs. B.3 and B.4, respectively). Higher harvest costs can erode the cost
advantage of highly productive areas: for example, despite having much lower seaweed
yields per unit area, the North Pacific’s lower harvest costs lead to production costs that are
often similar to those in the Equatorial Pacific (Fig. 2.1 and Supplementary Fig. B.3).
Moreover, because transportation of harvested seaweed is not included in the at-farm

production costs butrather in the post-cultivation costs (see Methods), some areas of open
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ocean far from ports have low at-farm production costs. On average, the costs of seeded
line, total harvest costs, and capital costs (including mooring costs) dominate total
production costs, representing 56(32-92)%, 19(4-38)%, and 17(3-33)% across seaweed

types, respectively (Supplementary Fig. B.5).

Finally, since global seaweed yield is reduced in simulations that limit nutrient
availability to natural vertical nutrient fluxes, the production costs in the 1% of ocean area
with the lowest cost are much higher ($350-$7,150 per ton of dry weight; Supplementary
Fig. 2.2) than in simulations in which seaweed is allowed to use all ambient nutrients. This
suggests that without methods to enhance nutrient availability (e.g., depth cycling, artificial
upwelling, or offshore integrated multi-trophic aquaculture (Gao, Beardall, et al., 2022; Gao,
Gao, etal, 2022)), limiting seaweed yields to maintain surface ocean nutrient levels might

be cost-prohibitive except in the most optimistic technoeconomic scenarios.

Net cost of climate benefits

The maps in Figure 2.2 show net costs of different climate benefits from farmed
seaweed. We choose to show costs when propagating the most optimistic assumptions (5th
percentile costs) from ambient nutrient simulations to reflect low-cost results that might
be achieved with economies of scale (Supplementary Figs. B.6 and B.7 show results under
limited nutrients and for median net costs, respectively). We define the cost to sequester
carbon via sinking seaweed as the $/tCO2 removed from the atmosphere for at least 100
years, assuming no other economic value. In contrast, costs of emissions avoided by using
produced seaweed for food, feed or biofuel are given in units of $/tC0O2-eq and in each case

reflect seaweed production, transportation and conversion costs, and the product’s market
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value as well as the COz-equivalent GHG emissions (CH4 and N20 assuming GWP100)
displaced by the product net of any emissions related to transportation and processing (see
Methods). When calculating GHG emissions avoided, we assume that products made from
seaweed can directly replace conventional food (pulses, vegetables, fruits, oil crops, and
cereals), feed (oil crops and cereals), and fuels, thereby avoiding GHG emissions from
industrial agriculture practices or CO2 emissions from fossil fuel combustion (Hong et al,,
2021).For example, if seaweed is used for food and replaces some amount of vegetables in
a person’s diet, then the GHG emissions associated with the production of those vegetables

that the seaweed replaces are counted as avoided emissions.

In the lowest-cost 1% ocean areas, the average cost is much higher per ton of carbon
sequestered by sinking seaweed ($540/tC0O2) than per ton of CO2-eq emissions avoided—
regardless of whether the seaweed is used for food ($20/tC0O2-eq), animal feed ($140/tCO2-
eq), or biofuel ($320/tC0Oz2-eq). The substantial cost difference between sequestration by
sinking and emissions avoided by products is most influenced by the products’ market
value and the potential to avoid non-CO2 GHGs, despite the higher cost and emissions

required to transport harvested seaweed to port.

In particular, the non-CO2 GHG emissions that could be avoided by using seaweed for
either food consumed by humans or feed consumed by animals effectively multiply the
potential climate benefits of a ton of seaweed carbon, whereas the climate benefits of either
sinking or converting seaweed to biofuels are constrained by the carbon present in the
seaweed itself. Yet carbon sequestration is nonetheless favored in some locations given the

high costs of transporting seaweed back to the nearest port (e.g, areas of the equatorial
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Pacific that are shaded yellow and green in Fig. 2.2a and blue in Figs. 2.2c; see also

Supplementary Fig. B.8).

Key sensitivities

Figure 2.3 shows the relative importance of all variables in generating spread in our
Monte Carlo estimates of production costs and net costs of climate benefits, focusing on the
lowest-cost areas (Supplementary Fig. B.9 shows the same results for limited nutrient
simulations). These results emphasize which variables are most important to achieving
very low costs. Low production costs are most sensitive to seaweed yields, followed by the
cost of seeded line (secondary line with seaweed seedlings that is wrapped around a
structural rope, or nets for some temperate red seaweeds; yellow in Fig. 2.3a) and capital
costs (e.g., boats, harvest machines, buoys, anchors, and other lines; green in Fig. 2.3a).
Together, seaweed yield and seeded line cost account for >89% of the uncertainty in
production costs in the places where costs are lowest, and costs are never below

$400/tDW in simulations where seeded line is assumed to cost >$1 per meter.

Costs of carbon sequestered are quite sensitive to production costs (incl. all parameters
shown in Fig. 2.3a), but the most important parameter aside from production costs and
yield is the fraction of the seaweed carbon that corresponds to equivalent carbon removal
from the atmosphere (light green in Fig. 2.3b). Although this fraction has generally been
assumed to be 1, recent studies have shown that air-sea fluxes of CO2 may not keep pace
with carbon uptake by growing seaweed and, among other mechanisms that reduce
efficiency, nutrient competition from farmed seaweed may diminish natural carbon uptake

and export accomplished by phytoplankton (Bach etal,, 2021; Wu et al,, 2022). The
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atmospheric removal fraction accounts for >24% of the variation in sequestration costs in
the places where costs are lowest, and costs are never below $400/tCO2 sequestered unless

the removal fraction is assumed to be >0.6 (Figs. 2.3b and 2.3e).

Our estimates of cost per GHG emissions avoided are most sensitive to the assumed
magnitude of COz-equivalent emissions avoided by a seaweed product (light blue in Fig.
2.3¢). The product avoided emissions accounts for >38% of the variation in costs per
emissions avoided in the places where costs are lowest, and costs are never more than
$700/tCO2-eq avoided in simulations where the product avoided emissions are assumed to
be >4.25 tC0O2-eq/tDW seaweed (Figs. 2.3c and 2.3f). Yet production costs remain
important, and low costs of emissions avoided (<$200/ tCOz2-eq) can be achieved even

when the avoided emissions are <1 tCOz-eq/tDW if seaweed production costs are very low

(Figs. 2.3c and 2.3f).

Costs and benefits of large-scale farming seaweed

Figure 2.4 shows the cumulative potential of GHG emissions avoided or carbon
sequestered in the 1% of ocean areas with the lowest costs, shaded with costs per ton
based on the 5th percentile of 5,000 ambient nutrient cost simulations (i.e. reflecting
optimistically high seaweed yield, low farming costs, and large climate benefits from
replacement of agricultural products; Supplementary Figs. B.10 and B.11 shows results for
median costs and limited nutrient scenario). No matter the scenario or percentile, in the
1% of areas with the lowest costs, the costs per ton of CO2 sequestered are always higher
than the costs per ton of COz-eq emissions avoided. In the optimistic case depicted in

Figure 2.4, 1 Gt of CO2-eq emissions might be avoided or 1 Gt of CO2 sequestered by farming
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0.025% and 0.110% of lowest-cost ocean areas, respectively, (roughly 90,000 km?2 and
400,000 km? or close to the areas of Portugal and Zimbabwe, respectively) at an average
profit of $50/tC0O2-eq emissions avoided or at an average cost of $480/tCO2 sequestered. In
limited nutrient simulations with optimistic cost assumptions (Supplementary Fig. B.11a,
B.11b), the lowest-cost ocean area that might be required to reach 1 Gt CO2-eq avoided
emissions or 1 Gt CO2 sequestered annually is 0.035% and 0.100% for avoided emissions
and sequestration, respectively, or roughly 130,000 km?2 and 360,000 km?, with associated
costs of $30/tC0O2-eq avoided and $830/tCO2 sequestered. Average costs at the median of
Monte Carlo simulations for both nutrient scenarios rise substantially to $110-310/tC0O2-eq
emissions avoided or $1,120-$2,090/tCOz sequestered, respectively (Supplementary Figs.
B.10, B.114a, B.11b). These costs increase to $140-420/tC02-eq at 3 Gt COz-eq avoided and
to $1,190-2,280/tCO2 at 3 Gt CO2 sequestered annually, requiring ocean areas of 0.085-
0.100% and 0.285-0.410% for avoided emissions and sequestration, respectively (roughly
310,000-360,000 kmZand 1,030,000-1,480,000 km?). Moreover, climate benefits increase
approximately linearly with area up to 1% of ocean area, reaching totals of >29 Gt COz-eq
avoided or >9 CO2 sequestered annually in the ambient nutrient simulations and >19 Gt

CO2-eq avoided or >8 CO2 sequestered annually in the limited nutrient simulations.

Supplementary Figure B.12 shows the locations of the lowest cost areas in Figure 2.4,
which, for sequestration, are concentrated in the equatorial Pacific and Gulf of Alaska, and
for avoided emissions products include additional areas offshore of Argentina, the Korean
Peninsula, and New Zealand as well as areas of the North and Norwegian Seas. Importantly,
we estimate that perhaps 10-15% of lowest cost areas for sequestration and 40-45% of

lowest cost areas for avoided emissions are either in highly-trafficked shipping lanes or
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part of existing marine protected areas (see Methods), which could present challenges for

seaweed farming in these areas.

Despite being a small percentage of global ocean area, farming 0.025% of the global
ocean area (~90,000 km?) would represent over a thirty-fold increase in the area of
current seaweed farming (~2,700 km?2; (FAO, 2020a, 2020b; Hwang, Yotsukura, Pang, Su, &
Shan, 2019)). Thus, producing seaweed in the lowest cost areas to reach 1 Gt COz-eq of
emissions avoided or 1 Gt CO2 sequestered by 2050 would entail the area farmed to
increase by roughly 12% or 18% per year, respectively, compared to the 2000-2018
seaweed farming industrial growth rate of 6% (FAO, 2020b). Achieving the same level of
climate benefits from seaweed by 2030 increases the implied expansion rate of farms to
roughly 42% or 64% per year for emissions avoided or carbon sequestered, respectively.
Note that these areas and industry growth rates reflect the minimum that might be
required for gigaton-scale climate impact, since the ambient nutrient scenario assumes that
all surface ocean nutrients are available for seaweed growth. In the limited nutrient
scenario, reaching 1 Gt COz-eq of emissions avoided in the lowest-cost areas by 2050 might
require ~130,000 km2, which would represent nearly a 50-fold increase in the area

currently farmed and would entail a 14% annual growth rate.

2.3 Discussion

Our results suggest that it might be possible to sequester >1 GtCO: at costs as low as
$480/tCO: if nearly all seaweed carbon corresponds directly to an amount of CO2 removed
from the atmosphere, production costs are reduced to near the lowest published costs

(Camus, Infante, & Buschmann, 2019; van den Burg, van Duijn, Bartelings, van Krimpen, &
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Poelman, 2016) (e.g., seeded line and capital costs of <$0.40/m and $3,300/ha,
respectively), and/or seaweed yields are high (e.g., >6,000 tDW/km? for tropical reds and
>2,000 tDW/km? for temperate browns). Nonetheless, $480/tCO2 is comparable to the
$500-600 t/CO2 costs of direct air capture (DAC) reported by the company Climeworks
(Temple, 2021) (but much more than $94-$232 DAC costs estimated by Keith et al. (Keith,
Holmes, St. Angelo, & Heidel, 2018)). Sequestration costs also rise sharply if the assumed
atmospheric removal fraction or seaweed yield decreases or if production costs increase
(Supplementary Figs. B.7 and 10, Fig. 2.3e). In comparison, >1 GtCO2-eq emissions might be
avoided at a profit of $50/tC02-eq if similarly low production costs are achieved and
seaweed products avoid emissions of >3 tCO2-eq/tDW (e.g., by displacing vegetables,
legumes, or soy from some regions). Although the cost per emission avoided is typically
higher if seaweed is instead used for biofuels (Fig. 2.2; Supplementary Figs. B.6, B.7), such
fuels may command a substantial “green premium” as countries seek to decarbonize
aviation and long-distance transportation of freight (Christopher Bataille et al, 2020; Davis

et al., 2018; Gray, McDonagh, O'Shea, Smyth, & Murphy, 2021; Vardon et al,, 2022).

Although it is thus conceivable that farmed seaweed could feasibly deliver globally -
relevant climate benefits, our modeling and cost estimates are subject to important caveats
and limitations. First, modeled economic parameter ranges are broad, spanning a relatively
small number of divergent data points from publicly available datasets and scientific
literature. In some cases, these ranges were extended downward to reflect potential future
cost reductions that were not represented by existing data. Better constraining these cost
ranges for both current and future scenarios would improve the model and reduce
uncertainty. Similarly, future work could analyze in greater detail the specific types and
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scale of agricultural or energy products that might be displaced by seaweed and their GHG
emissions. Although the relative benefits of avoiding different GHG emissions versus
sequestering carbon for different periods of time are beyond the scope of our analysis, they
may be important to investors and decision makers. For example, in many potentially low-
cost seaweed production regions, the time scale of sunk carbon that remains “sequestered”
in the deep ocean is less than 100 years; if CDR accounting requir es multi-century

sequestration, the cost of seaweed-based CDR may become prohibitively high.

There are also large sources of uncertainty that deserve further exploration in the
future. For example, we find that estimated costs per ton of CO2-eq emissions avoided or
CO2 sequestered are highly sensitive to both the nutrient scenario (ambient vs. limited
nutrients, Figure 2.2 and Supplementary Fig. B.6) and yield uncertainty within each
nutrient scenario. Nutrient reallocation from competition between farmed seaweed and
phytoplankton is also a critical dynamic that warrants analysis in the context of a fully
coupled earth system model, since farming seaweed at gigaton-scales would likely diminish
natural carbon uptake by phytoplankton and therefore reduce the net drawdown of
atmospheric CO2z (Berger, Bopp, Ho, & Kwiatkowski, 2022). Moreover, our climate benefit
calculations do not include particulate seaweed biomass that may be exported to the deep
sea prior to harvest (analogous to sinking ~5% of the harvested biomass (Krause-Jensen &
Duarte, 2016)), and we also do not consider any potential non-CO2 GHG emissions from the
seaweed cultivation process. The G-MACMODS model also assumes that nitrogen is the
limiting macronutrient for seaweed growth (and micronutrients are supplemented by
farming techniques), and while nitrogen limits production in large parts of the ocean,

phosphorus might be more limiting in some regions. Finally, we must continue to evaluate
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the potential consequences to ocean ecosystems and biogeochemical cycles before

seriously considering farming and/or sinking gigatons of seaweed (Wu etal, 2022).

Despite these uncertainties and limitations, our analysis supports continued research,
development, and demonstration of the potential for seaweed farming to produce
meaningful climate benefits. Specifically, our model highlights the most important targets
for research and innovation. Biophysical factors such as death (including disease, pests,
weather events) and exudation rates are not well-established and may substantially alter
projected seaweed yields (Arzeno-Soltero et al, 2022); regional biogeochemical and Earth
system feedbacks could similarly undermine the efficacy of sinking seaweed carbon; and
low or narrow demand for seaweed products could limit the potential to offset land -use
and fossil GHG emissions. Finally, although some seaweed innovators are focused on farm
designs that reduce labor and transportation costs, our results suggest that the keys to
maximizing yield with low production costs are seeded line and basic farm equipment like
boats, buoys, and anchors. But even if seed and capital costs are minimized, seaweed CDR
seems likely to be more expensive than alternatives like direct air capture, and it is not
clear that there are viable and large markets for seaweed products. These factors,
combined with the challenges inherent to verification and monitoring as well as the
potential for ecosystem disruption, suggest that expansion of seaweed cultivation should
be approached with caution. The outlook for a massive scale-up of seaweed climate
benefits is thus decidedly murky, but our findings can help direct research, investments,

and decision making to clear the waters.
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2.4 Methods

Monte Carlo analysis

Seaweed production costs and net costs of climate benefits were estimated based on
outputs of the biophysical and technoeconomic models described below. The associated
uncertainties and sensitivities were quantified by repeatedly sampling from uniform
distributions of plausible values for each cost and economic parameter (n=5,000 for each
nutrient scenario from the biophysical model, for a total of n=10,000 simulations; see
Supplementary Figs. B.14, B.15) (Bryant & Lempert, 2010; Lawrence, Haasnoot, & Lempert,
2020; Lempert, Groves, Popper, & Bankes, 2006; Lindroos, Rydén, Langgrgen, Pursiheimo,
& Pikkarainen, 2019; Rozenberg, Davis, Narloch, & Hallegatte, 2015; Vermeulen et al,
2013). Parameter importance across Monte Carlo simulations (Fig. 2.3 and Supplementary
Fig. B.9) was determined using decision trees in LightGBM, a gradient-boosting machine

learning framework.

Biophysical Model

G-MACMODS is a nutrient-constrained, biophysical macroalgal growth model with
inputs of temperature, nitrogen, light, flow, wave conditions, and amount of seeded
biomass (Broch & Slagstad, 2012; Hadley et al., 2015), that we use to estimate annual
seaweed yield per area (either in tons of carbon or tons of dry weight biomass per km?2 per
year) (Arzeno-Soltero et al, 2022; Frieder et al.,, 2022). In the model, seaweed takes up
nitrogen from seawater, and that nitrogen is held in a stored pool before being converted to
structural biomass via growth (Droop, 1983). Seaweed biomass is then lost via mortality,

which includes breakage from variable ocean wave intensity. The conversion from stored

48



nitrogen to biomass is based on the minimum internal nitrogen requirements of
macroalgae, and the conversion from biomass to units of carbon is based on an average
carbon content of macroalgal dry weight (~30%) (Duarte, 1992). The model accounts for
farming intensity (sub-grid-scale crowding) and employs a conditional harvest scheme,
where harvestis optimized based on growth rate and standing biomass (Arzeno-Soltero et

al, 2022).

The G-MACMODS model is parameterized for four types of macroalgae: temperate
brown, temperate red, tropical brown, and tropical red. These types employed biophysical
parameters from genera that represent over 99.5% of present-day farmed macroalgae
(Eucheuma, Gracilaria, Kappahycus, Sargassum, Porphyra, Saccharina, Laminaria,
Macrocystis) (FAO, 2020a). Environmental inputs were derived from satellite-based and
climatological model output mapped to 1/12-degree global resolution, which resolves
continental shelf regions. Nutrient distributions were derived from a 1/10-degree
resolution biogeochemical simulation led by the National Center for Atmospheric Research
(NCAR) and run in the Community Earth System Model (CESM) framework (Harrison et al,,

2018).

Two nutrient scenarios were simulated with G-MACMODS and evaluated using the
technoeconomic model analyses described below: the “ambient nutrient” scenario where
seaweed growth is computed using surface nutrient concentrations without depletion or
competition, and “limited nutrient” simulations where seaweed growth is limited by an
estimation of the nutrient supply to surface waters (computed as the flux of deep-water
nitrate through a 100-m depth horizon). For each Monte Carlo simulation in the economic

analysis, the technoeconomic model randomly selects either the 5th, 25th, 50th, 75th or 95th
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percentile G-MACMODS seaweed yield map from a normal distribution to use as the yield
map for that simulation. Figures and numbers reported in the main text are based on the
ambient nutrient scenario; results based on the limited nutrient scenario are shown in

Supplementary Figures.

Technoeconomic model

We estimate the net cost of seaweed-related climate benefits by first estimating all costs
and emissions related to seaweed farming, up to and including the point of harvest at the
farm location, then estimating costs and emissions related to the transportation and
processing of harvested seaweed, and finally estimating the market value of seaweed

products and either carbon sequestered or GHG emissions avoided.

Production costs and emissions. Spatially-explicit costs of seaweed production
($/tDW) and production-related emissions (tCOz/tDW) are calculated based on ranges of
capital costs ($/km?2), operating costs (incl. labor, $/km?), harvest costs ($/km?2), and
transport emissions per distance traveled (tCO2/km) in the literature (Table 2.1,
Supplementary Tables B.1 and B.2); annual seaweed biomass (tDW/km?, for the preferred
seaweed type in each grid cell), line spacing, and number of harvests (species-dependent)
from the biophysical model; as well as datasets of distances to the nearest port (km), ocean

depth (m), and significant wave height (m).

Capital costs are calculated as:
Coqn = C +(c X (kg +k ))+c (1)
cap capbase capbase d w sl
where ccqp is the total annualized capital costs per km2, ccappase is the annualized capital cost
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per km? (e.g., cost of buoys, anchors, boats, structural rope) prior to applying depth and
wave impacts, ks and kw are the impacts of depth and waviness on capital cost, respectively,
each expressed as a multiplier between 0 and 1 modeled using our Monte Carlo method
and applied only to grid cells where depth > 500m and/or significant wave height > 3m,

respectively, and cs is the total annual cost of seeded line calculated as:

Csi = Csibase X Dstine (2)

where csiase is the cost per meter of seeded line, and psiine is the total length of line per km?,

based on the optimal seaweed type grown in each grid cell.
Operating and maintenance costs are calculated as:

Cop = Cins + Clic + Clap + Copbase (3)

where cop is the total annualized operating and maintenance costs per km?, cins is the annual
insurance cost per km?, cjic is the annual cost of a seaweed aquaculture license per km?2, ciap
is the annual cost of labor excluding harvest labor, and coppase is all other operating and

maintenance costs.
Harvest costs are calculated as:

Charv = Charvbase X nharv (4)

where charv is the total annual costs associated with harvesting seaweed per km?2, charvbase is
the costper harvest per km? (including harvest labor but excluding harvest transport), and

Nharv is the total number of harvests per year.

Costs associated with transporting equipment to the farming location are calculated as:
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Ceqtrans = Ctransbase X meq X dport (5)

where Ceqtrans is total annualized cost of transporting equipment, Ctransbase is the cost to
transport 1 ton of material 1km on a barge, meq is the annualized equipment mass in tons,

and dport is the ocean distance to the nearest port in km.

The total production cost of growing and harvesting seaweed is therefore calculated as:

— (Ccap) + (Cop) + (Charv) + (Ceqtrans) (6)
prod — S,

C
w

where Cprod is total annual cost of seaweed production (growth + harvesting), ccap is as
calculated in eq. (1), cop is as calculated in eq. (3), charv is as calculated in eq. (4), Ceqtrans is as

calculated in eq. (5), and saw is the dry weight of seaweed harvested annually per km?2.

Emissions associated with transporting equipment to the farming location are

calculated as:

e X meq X deTt (7)

eqtrans = etransbase

where eeqtrans is the total annualized CO2 emissions in tons from transporting equipment,
etranshase 1S the CO2 emissions from transporting 1 ton of material 1km on a barge, meq is the
annualized equipment mass in tons, and dport is the ocean distance to the nearest port in

km.

Emissions from maintenance trips to/from the seaweed farm are calculated as:

(8)

Nne
emnt = <(2 X dport) X emntbase X ( )) + (emntbase X dmnt)

Amnt

where emnt is total annual CO2 emissions from farm maintenance, dpor¢ is the ocean distance
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to the nearest port in km, nmn¢ is the number of maintenance trips per km? per year, amn: is
the area tended to per trip, dmn: is the distance traveled around each km? for maintenance,
and emntbase Is the CO2 emissions from traveling 1km on a typical fishing maintenance vessel
(e.g. a 14m Marinnor vessel with 2x310hp engines) at an average speed of 9 knots (16.67
km/h), resulting in maintenance vessel fuel consumption of 0.88 1/km (Aitken et al., 2014;

Johnson, 2011).

Total emissions from growing and harvesting seaweed are therefore calculated as:

_ (eeqtrans) + (emnt) (9)

eprod

de

where eprod is total annual emissions from seaweed production (growth + harvesting),
eeqtrans 1S as calculated in eq. (7), emnt is as calculated in eq. (8), and sqw is the dry weight of

seaweed harvested annually per km?2.

Market value and climate benefits of seaweed. Further transportation and
processing costs, economic value, and net emissions of either sinking seaweed in the deep
ocean for carbon sequestration or converting seaweed into usable products (biofuel,
animal feed, pulses, vegetables, fruits, oil crops, and cereals) are calculated based on ranges
of transport costs ($/tDW/km), transport emissions (tCO2z-eq/t/km), conversion cost
($/tDW), conversion emissions (tCO2-eq/tDW), market value of product ($/tDW), and the
emissions avoided by product (tCO2-eq/tDW) in the literature (Table 2.1). Market value is
treated as globally homogenous and does not vary by region. Emissions avoided by
products were determined by comparing estimated emissions related to seaweed

production to emissions from non-seaweed products that could potentially be replaced by
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seaweed (including non-CO2 greenhouse gas emissions from land use) (Hong et al, 2021).
Other parameters used are distance to nearest port (km), water depth (m), spatially -
explicit sequestration fraction (%) (Siegel, DeVries, Doney, & Bell, 2021), and distance to
optimal sinking location (km; cost-optimized for maximum emissions benefit considering
transport emissions combined with spatially-explicit sequestration fraction; see Distance to
sinking point calculation section below). Each Monte Carlo simulation calculates the cost of

both CDR via sinking seaweed and GHG emissions mitigation via seaweed products.

For seaweed CDR, after the seaweed is harvested, it can either be sunk in the same
location in which it was grown or be transported to a more economically favorable sinking
location where more of the seaweed carbon would remain sequestered for 100 years (see
Distance to optimal sinking point at the end of Methods). Inmediately post-harvest, the
seaweed still contains a large amount of water, requiring a conversion from dry mass to

wet mass for subsequent calculations (Arzeno-Soltero et al,, 2022):

Sdw (10)

where sww is the annual wet weight of seaweed harvested per km?2 and saw is the annual dry

weight of seaweed harvested per km?.

The costto transport harvested seaweed to the optimal sinking location is calculated as:

x d (11)

Cswtsink = Ctransbase sink X Sww

where cswesink is the total annual cost to transport harvested seaweed to the optimal sinking
location, Cranshase is the cost to transport 1 ton of material 1km on a barge, dsinkis the

distance in km to the economically-optimized sinking location, and sww is the annually-
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harvested seaweed wet weight in t/km? as in eq. (10).

The cost associated with transporting replacement equipment (e.g., lines, buoys,
anchors) to the farming location and hauling back used equipment at the end of its
assumed lifetime (1 year for seeded line, 5-20 years for capex by equipment type) in the

sinking CDR pathway are calculated as:

Ceqtsink = (Ctransbase X (2 X dsink) X meq) (12)

+ (Ctransbase X dport X meq)

where ceqtsink is the total annualized cost to transport both used and replacement
equipment, Ctranshase is the cost to transport 1 ton of material 1km on a barge, meq is the
annualized equipment mass in tons, dsink is the distance in km to the economically-
optimized sinking location, and dpor:t is the ocean distance to the nearest port in km. We
assume that the harvesting barge travels from the farming location directly to the optimal
sinking location with harvested seaweed and replaced (used) equipment in tow (incl. used
seeded line and annualized mass of used capital equipment), sinks the harvested seaweed,
returns to the farm location, and then returns to the nearest port (see Supplementary Fig.
B.16). These calculations assume the shortest sea-route distance (see Distance to optimal

sinking point).
The total value of seaweed that is sunk for CDR is therefore calculated as:

(vcprice - (Cswtsink + Ceqtsink )) (13)

de

sink

where vsink is the total value (cost, if negative) of seaweed farmed for CDR in $/tDW, veprice
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is a theoretical carbon price, cswesink is as calculated in eq. (11), ceqsink is as calculated in eq.
(12), and s4w is annually-harvested seaweed dry weight in t/km?2. We do not assume any
carbon price in our Monte Carlo simulations (veprice is equal to zero), making vsink negative

and thus representing a net cost.

To calculate net carbon impacts, our model includes uncertainty in the efficiency of
using the growth and subsequent deep-sea deposition of seaweed as a CDR method. The
uncertainty is expected to include the effects of reduced phytoplankton growth from
nutrient competition, the relationship between air-sea gas exchange and overturning
circulation (collectively hereafter referred to as the “atmospheric removal fraction”), and
the fraction of deposited seaweed carbon that remains sequestered for at least 100 years.

The total amount of atmospheric COz removed by sinking seaweed is calculated as:

tC  tCo, (14)

=k — X
tDw tC

e X Kfseq X

seqsink atm

where esegsink is net atmospheric COz sequestered annually in tons per km?2, katm is the
atmospheric removal fraction, and kgeq is the spatially-explicit fraction of sunk seaweed

carbon that remains sequestered for at least 100 years (Siegel et al, 2021).

The emissions from transporting harvested seaweed to the optimal sinking location are

calculated as:

e X dgink X Sww (15)

swtsink — €transbase

where eswesink is the total annual CO2 emissions from transporting harvested seaweed to the
optimal sinking location in tCO2/km?, etranshase is the CO2 emissions (tons) from

transporting 1 ton of material 1km on a barge (tCO2/t-km), dsink is the distance in km to the
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economically-optimized sinking location, and sww is the annually-harvested seaweed wet
weight in t/km? as in eq. (10). Since the unit for etransbaseis tCOz2/t-km, the emissions from
transporting seaweed to the optimal sinking location are equal to e, 4pase X dsink X

s and the emissions from transporting seaweed from the optimal sinking location back

ww
to the farm are equal to 0 (since the seaweed has been deposited already, so seaweed mass
to transport is now 0). Note that this does not yet include transport emissions from

transport of equipment post-seaweed-deposition (see eq. 16 below and Supplementary Fig.

B.16).

The emissions associated with transporting replacement equipment (e.g., lines, buoys,
anchors) to the farming location and hauling back used equipment at the end of its
assumed lifetime (1 year for seeded line, 5-20 years for capex by equipment type) (Aitken

etal, 2014; Camus et al, 2019) in the sinking CDR pathway are calculated as:

eeqtsink = (etransbase X (2 X dsink) X meq) (16)

+ (etransbase X dport X meq)

where eeqtsink is the total annualized CO2 emissions in tons from transporting both used and
replacement equipment, etransbase is the CO2 emissions from transporting 1 ton of material
1km on a barge, meq is the annualized equipment mass in tons, dsink is the distance in km to
the economically-optimized sinking location, and dpor¢ is the ocean distance to the nearest
port in km. We assume that the harvesting barge travels from the farming location directly
to the optimal sinking location with harvested seaweed and replaced (used) equipment in
tow (incl. used seeded line and annualized mass of used capital equipment), sinks the

harvested seaweed, returns to the farm location, and then returns to the nearest port.
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These calculations assume the shortest sea-route distance (see Distance to optimal sinking

point).

Net CO2 emissions removed from the atmosphere by sinking seaweed are thus

calculated as:

(eseqsink - (eswtsink + eeqtsink)) (17)

de

€remsink —

where eremsink is the net atmospheric CO2 removed per ton of dry weight seaweed, esegsink is
as calculated in eq. (14), eswtsink is as calculated in eq. (15), eeqtsink is as calculated in eq. (16),

and sqw is annually-harvested seaweed dry weight in t/km?.

Net cost of climate benefits.

Sinking. To calculate the total net cost and emissions from the production, harvesting,
and transport of seaweed for CDR, we combine the cost and emissions from the sinking -
pathway cost and value modules. The total net cost of seaweed CDR per dry weight ton of

seaweed is calculated as:

Csinknet — Cprod — Vsink (18)

where Csinknet is the total net cost of seaweed for CDR per dry weight ton harvested, cprod is
the net production cost per ton DW as calculated in eq. (6), and vsink is the net value (or cost,

if negative) per ton seaweed DW as calculated in eq. (13).

The total net CO2 emissions removed per dry weight ton of seaweed is calculated as:

e e e (19)

sinknet — Cremsink — €prod
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where ésinknet is the total net atmospheric CO2 removed per dry weight ton of seaweed
harvested annually (tCO2/tDW /year), eremsink is the net atmospheric CO2 removed via
seaweed sinking annually as calculated in eq. (17), and eproq is the net CO2 emitted from
production and harvesting of seaweed annually as calculated in eq. (9). For each Monte
Carlo simulation, locations where esinknet is negative (i.e., net emissions rather than net
removal) are not included in subsequent calculations since they would not be contributing
to CDR in that location under the given scenario. Note that these net emissions cases only
occur in areas far from port in specific high-emissions scenarios. Even in such cases, most
areas still contribute to CO2 removal (negative emissions), so costs from locations with net

removal are included.

Total net cost is then divided by total net emissions to get a final value for cost per ton

of atmospheric CO2 removed:

_ Csinknet (2 0)

C . =
pertonsink e

sinknet

where Cpertonsink is the total net cost per ton of atmospheric COz removed via seaweed
sinking ($/tCO2 removed), csinknet is total net cost per ton seaweed DW harvested as
calculated in eq. (18) ($/tDW), and esinkne: is total net atmospheric CO2 removed per ton

seaweed DW harvested as calculated in eq. (19) (tCO2/tDW).

GHG emissions mitigation. Instead of sinking seaweed for CDR, seaweed can be used
to make products (incl. but not limited to food, animal feed, and biofuels). Replacing
convention products with seaweed-based products can result in “avoided emissions” if the

emissions from growing, harvesting, transporting, and converting seaweed into products is
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less than the total greenhouse gas emissions (incl. non-CO2 GHGs) embodied in

conventional products that seaweed-based products replace.

When seaweed is used to make products, we assume it is transported back to the
nearest port immediately after being harvested. The annualized cost to transport the
harvested seaweed and replacement equipment (e.g,, lines, buoys, anchors) is calculated as:

(Ctransbase X dport X (Sww +meq)) (21)

Sq

Ctransprod -

w

where ctransprod is the annualized cost per ton DW seaweed to transport seaweed and
equipment back to port from the farm location, ctransbase is the cost to transport 1 ton of
material 1 km on a barge, meq is the annualized equipment mass in tons, dport is the ocean
distance to the nearest port in km, sww is the annual wet weight of seaweed harvested per
km? as calculated in eq. (10), and sqw is the annual dry weight of seaweed harvested per

km?Z,
The total value of seaweed that is used for seaweed-based products is calculated as:

vproduct = Vmke — (Ctransprod + Cconv) (22)

where Vproduct is the total value (cost, if negative) of seaweed used for products ($/tDW),
vmke s how much each ton of seaweed would sell for given the current market price of
conventional products that seaweed-based products replace ($/tDW), ctransprodis as
calculated in eq. (21), and cconv is the cost to convert teach ton of seaweed to a usable

product ($/tDW).

The annualized CO2 emissions from transporting harvested seaweed and equipment
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back to port are calculated as:

(etransbase X dport X (sww + meq)) (23)

de

etransprod =

where étransprod is the annualized CO2 emissions per ton DW seaweed to transport seaweed
and equipment back to port from the farm location, etransbase is the CO2 emissions from
transporting 1 ton of material 1km on a barge, meq is the annualized equipment mass in
tons, dport is the ocean distance to the nearest port in km, sww is the annual wet weight of
seaweed harvested per km? as calculated in eq. (10), and saw is the annual dry weight of

seaweed harvested per km?2.
Total emissions avoided by each ton of harvested seaweed DW are calculated as:

(24)

eavprod = esubprod - (etransprod + econv)

where eavprod is total COz-eq emissions avoided per ton of seaweed DW per year (incl. non-
CO2 GHGs using a Global Warming Potential (GWP) time period of 100 years), esubprod is the
annual COz-eq emissions avoided per ton seaweed DW by replacing a conventional product
with a seaweed-based product, etransprod is as calculated in eq. (23), and econv is the annual

CO2 emissions per ton seaweed DW from converting seaweed into usable products. esubprod
was calculated by converting seaweed DW to caloric content (USDA, 2020) for food/feed

and comparing emissions intensity per kcal to agricultural products (Hong et al,, 2021), or
by converting seaweed DW into equivalent biofuel content with a yield of 0.25 tons biofuel
per ton DW (Roesijadi, Jones, Snowden-Swan, & Zhu, 2010) and dividing the CO2 emissions

per ton fossil fuel by the seaweed biofuel yield.
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To calculate the total net cost and emissions from the production, harvesting, transport,
and conversion of seaweed for products, we combine the cost and emissions from the
product-pathway cost and value modules. The total net cost of seaweed for products per

dry weight ton is calculated as:

c =c (25)

prod — UV

prodnet product

where cprodnet is the total net cost per dry weight ton of seaweed harvested for use in
products, cprod is the net production cost per ton DW as calculated in eq. (6), and Vproduct is

the net value (or cost, if negative) per ton DW as calculated in eq. (22).

The total net CO2-eq emissions avoided per dry weight ton of seaweed used in products

is calculated as:

eprodnet = e —e (26)

avprod prod

where eprodnet is the total net COz-eq avoided per dry weight ton of seaweed harvested
annually (tCO2/tDW /year), eavprod is the net CO2-eq emissions avoided by seaweed products
annually as calculated in eq. (24), and eprod is the net CO2 emitted from production and
harvesting of seaweed annually as calculated in eq. (9). For each Monte Carlo simulation,
locations where eprodnet is negative (i.e., net emissions rather than net emissions avoided)
are notincluded in subsequent calculations since they would notbe avoiding any emissions

in that scenario.

Total net cost is then divided by total net emissions avoided to get a final value for cost

per ton of CO2-eq emissions avoided:
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_ Cprodne t (2 7)

Cp ertonprod —

eprodnet

where Cpertonprod is the total net cost per ton of CO2-eq emissions avoided by seaweed
products ($/tC0O2-eq avoided), cprodnet is total net cost per ton seaweed DW harvested for
products as calculated in eq. (25) ($/tDW), and eprodnet is total net CO2-eq emissions avoided

per ton seaweed DW harvested for products as calculated in eq. (26) (tCO2/tDW).

Parameter ranges for Monte Carlo simulations

For technoeconomic parameters with two or more literature values (see
Supplementary Table B.1), we assumed that the maximum literature value reflected the
95th percentile and the minimum literature value represented the 5th percentile of potential
costs or emissions. For parameters with only one literature value, we added +- 50% to the
literature value to represent greater uncertainty within the modeled parameter range.
Values at each end of parameter ranges were then rounded prior to Monte Carlo
simulations as follows: capital costs, operating costs, and harvest costs to the nearest
$10,000/km?, labor costs and insurance costs to the nearest $1,000/km?, line costs to the
nearest $0.05/m, transport costs to the nearest $0.05/t/km, transport emissions to the
nearest 0.000005 tCO2/t/km, maintenance transport emissions to the nearest 0.0005
tCO2/km, productavoided emissions to the nearest 0.1 tCO2-eq/tDW, conversion cost down
to the nearest $10/tDW on the low end of the range and up to the nearest $10/tDW on the

high end of the range, and conversion emissions to the nearest 0.01 tCO2/tDW.

We extended the minimum range values of capital costs to $10,000/km?2 and transport

emissions to 0 to reflect potential future innovations, such as autonomous floating farm
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setups that would lower capital costs and net-zero emissions boats that would result in 0
transport emissions. To calculate the minimum value of $10,000/km? for a potential
autonomous floating farm, we assumed that the bulk of capital costs for such a system
would be from structural lines and floatation devices, and we therefore used the
annualized structural line (system rope) and buoy costs from Camus et al. (2019) (Camus
etal, 2019) rounded down to the nearest $5,000/km2. The full ranges used for our Monte

Carlo simulations and associated literature values are shown in Supplementary Table B.1.

Distance to optimal sinking point

Distance to the optimal sinking point was calculated using a weighted distance
transform (path-finding algorithm, modified from code by Omar Richardson (2020)
(Richardson, 2020)) that finds the shortest ocean distance from each seaweed growth pixel
to the location at which the net CO2 removed is maximized (incl. impacts of both increased
sequestration fraction and transport emissions for different potential sinking locations)
and the net cost is minimized. This is not necessarily the location in which the seaweed was
grown, since the fraction of sunk carbon thatremains sequestered for 100 years is spatially
heterogeneous(Siegel et al,, 2021). For each ocean grid cell, we determined the cost-
optimal sinking point by iteratively calculating equations 11-20 and assigning dsink the
distance calculated by weighted distance transform to each potential sequestration fraction
0.01-1.00 in increments of 0.01. With the exception of transport emissions, the economic
parameter values used for these calculations were the averages of unrounded literature
value ranges - we assumed that the maximum literature value reflected the 95th percentile

and the minimum literature value represented the 5th percentile of potential costs or
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emissions, or for parameters with only one literature value, we added +- 50% to the
literature value to represent greater uncertainty within the modeled parameter range. For
transport and maintenance transport emissions, we extended the minimum values of the
literature ranges to zero to reflect potential net-zero emissions transport options and used
the mean values of the resulting ranges. The dsink that resulted in minimum net cost per ton
COz for each ocean grid cell was saved as the final dsink map, and the associated
sequestration fraction value that the seaweed is transported to via dsink was assigned to the
original cell where the seaweed was farmed and harvested (Supplementary Fig. B.19). If
the cost-optimal location to sink using this method was the same cell where the seaweed
was harvested, then dsink was Okm and the sequestration fraction was not modified from its

original value (Supplementary Fig. B.18).

Comparison of gigaton-scale sequestration area to previous estimates

Previous related work estimating the ocean area suitable for macroalgae cultivation
(Froehlich et al, 2019) and/or the area that might be required to reach gigaton-scale
carbon removal via macroalgae cultivation (Froehlich et al, 2019; Gao, Beardall, et al,,
2022; Wu et al, 2022) has yielded a wide range of results, primarily due to differences in
modeling methods. For example, Gao etal. (2022) (Gao, Beardall, et al, 2022) estimate that
1.15 million km? would be required to sequester 1Gt of CO2 annually when considering
carbon lost from seaweed biomass/sequestered as POC and rDOC, and assume that the
harvested seaweed is sold as food such that the carbon in the harvested seaweed is not
sequestered. The area (0.4 million km?) required to sequester 1 Gt COz in our study

assumes that all harvested seaweed is sunk to the deep ocean to sequester carbon.
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Additionally, a preprint by Wu et al. (2022) (Wu et al., 2022) estimates that roughly 12
Gt CO2 could be sequestered annually via macroalgae cultivation in approximately 20% of
the world ocean area (i.e., 1.67% ocean area per Gt CO2), which is a much larger area per Gt
COz2 than our estimate of 0.110% ocean area. This notable difference arises for several
reasons—including differences in yield (yields in the Wu et al. preprint are around 500
tDW /year in the highest-yield areas, whereas yields in our cheapest sequestration areas
from G-MACMODS average 3,400 tDW/km?/year)—that arise from differences in model
methodology. First, Wu et al. model temperate brown seaweeds, while our study considers
different seaweed types, many of which have higher growth rates, and uses the most
productive seaweed type for each ocean grid cell. The G-MACMODS seaweed growth model
we use also has a highly optimized harvest schedule, includes luxury nutrient uptake (a key
feature of macroalgal nutrient physiology), and does not directly model competition with
phytoplankton during seaweed growth. Finally, tropical red seaweeds (the seaweed type in
our cheapest sequestration areas) grow year-round, while others - like the temperate
brown seaweeds modeled by Wu et al. - only grow seasonally. These differences all
contribute to higher productivity in our model leading to a smaller area required for

gigaton-scale CO2 sequestration compared to Wu et al (2022) (Wu etal, 2022).

Conversely, the ocean areas we model for seaweed-based CO2 sequestration or GHG
emissions avoided are much larger than the 48 million km? that Froehlich et al. (2019)
(Froehlich et al, 2019) estimate is suitable for macroalgae farming globally. Although our
maps show productivity and costs everywhere, the purpose of our modeling was to

evaluate where different types of seaweed grow best and how production costs and
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productvalues vary over space, in order to highlight the lowest-cost areas (which are often

the highest-producing areas) under various techno-economic assumptions.

Comparison of seaweed production costs to previous estimates

Although there are not many estimates of seaweed production costs in the scientific
literature, our estimates for the lowest-cost 1% area of the ocean ($190-$2,790/tDW) are
broadly consistent with previously published results: seaweed production costs reported
in the literature range from $120-$1,710/tDW (Camus et al,, 2019; Capron et al,, 2020;
Correa etal., 2016; van den Burg et al, 2016), but are highly dependent on assumed
seaweed yields. For example, Camus et al. (2019) (Camus et al,, 2019) calculate a cost of
$870/tDW assuming minimum yield of 12.4 kgDW /m of cultivation line (equivalent to 8.3
kgDW /m2 using 1.5m spacing between lines). Using the economic values from Camus et al.
(2014) but with our estimates of average yield for the cheapest 1% production cost areas
(2.6 kgDW/m?) gives a much higher average cost of $2,730/tDW. Contrarily, van den Burg
etal. (2016) (van den Burg et al.,, 2016) calculate a cost of $1,710/tDW using a yield of 20
tDW /hectare (i.e. 2.0 kg/m?). Instead, assuming our average yields from lowest-cost areas
(i.e. 2.6 kgDW/m?2 or 26 tDW /hectare) would decrease the cost estimated by Van den Burg
etal. (2016) to $1,290/tDW. Most recently, Capron et al. (2020) (Capron et al., 2020)
calculate an optimistic scenario cost of $120/tDW based on an estimated yield of 120
tDW /hectare (12 kg/m?; over 4.5 times higher than the average yield in our lowest-cost
areas). Again, instead assuming the average yield in our lowest-cost areas would raise
Capron et al.’s production cost to $540/tDW (between the $190-$880/tDW minimum to

median production costs in the cheapest 1% areas from our model; Fig. 2.1a,b).
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Data Sources

Seaweed biomass harvested. We use global, spatially-explicit data for seaweed
biomass harvest potential under both ambient and limited nutrient scenarios from the G-

MACMODS seaweed growth model, presented in Arzeno-Soltero et al. (2023).

Fraction of deposited carbon sequestered for 100 years. We use data from Siegel et

al. (2021) interpolated to 1/12-degree grid resolution.

Distance to nearest port. We use the Distance from Port V1 dataset from the Global

Fishing Watch interpolated to 1/12-degree grid resolution.

Significant wave height. We use data for annually averaged significant wave height
from the European Center for Medium-range Weather Forecasts (ECMWF) interpolated to

1/12-degree grid resolution.

Ocean depth. We use data from the General Bathymetric Chart of the Oceans (GEBCO).

Shipping lanes. We use data of Automatic Identification System (AIS) signal count per
ocean grid cell, interpolated to 1/12-degree grid resolution. We define a major shipping
lane grid cell as any cell with >2.25 x 108 AIS signals, a threshold that encompasses most
major trans-Pacific and trans-Atlantic shipping lanes as well as major shipping lanes in the

Indian Ocean, North Sea, and coastal routes worldwide.

Marine Protected Areas (MPAs). We use data from the World Database on Protected

Areas (WDPA) and define a MPA as any protected ocean area >20 km?2.
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2.5 Figures and Tables
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Figure 2.1 | Seaweed production costs. Estimated seaweed production costs vary considerably
depending on assumed costs of farming capital, seeded lines, labor, and harvest (transport of
harvested seaweed is not included). Across ambient nutrient simulations, average farming cost in
the 1% of global ocean areas with lowest cost ranges from $190/tDW (a) to $2,790/tDW (c), with a
median of $880/tDW (b). Regional insets (d-f) reveal small-scale features in particularly low-cost
areas. Supplementary Fig. B.2 shows maps for limited nutrient simulations.
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Figure 2.2 | Net cost of potential seaweed climate benefits. Costs of using farmed seaweed to
sequester carbon or avoid GHG emissions vary in space according to estimated production costs as
well as spatially-explicit differences in the costs and net emissions of transportation, sinking or

conversion, and replacement of conventional market alternatives with seaweed products.
Differentiation between seaweed product groups (b-d) is based on emissions avoided by seaweed
products and market value for each product type. Maps show costs when propagating the most
optimistic assumptions (5t percentile costs) from ambient nutrient simulations. Average cost in the
1% of global ocean areas with lowest cost ranges from $20/tC0O;-eq avoided when seaweed is used
for food (b) to $540/tCO: sequestered by sinking seaweed (a). Supplementary Figs. B.6 and B.7
show maps for limited nutrient simulations and median costs, respectively.
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Figure 2.3 | Key cost sensitivities of seaweed production and climate benefits. Across Monte
Carlo simulations in the 2% of ocean grid cells where costs are lowest, estimated seaweed
production cost is especially sensitive to the seaweed yield amount and seeded line cost (a),
whereas costs of carbon sequestration (b) and GHG emissions avoided (c) are strongly influenced
by the fraction of seaweed carbon that corresponds to an equivalent amount removed from the
atmosphere and the assumed emissions avoided by seaweed products, respectively, in addition to
seaweed yield and seeded line cost. Panels d-f show kernel density plots for the most important
parameters in the cheapest 1% ocean areas, showing that the lowest production and climate benefit
costs depend upon seaweed yield being at or above the median of potential seaweed yields (d), an
assumed atmospheric removal fraction of >0.6-0.8 (e), and avoided emissions >2.5 tCO;-eq/tDW
(). Supplementary Fig. B.9 shows cost sensitivities in limited nutrient simulations.
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Figure 2.4 | Cumulative potential climate benefits of large-scale seaweed farming. Total GHG
emissions avoided (a) or carbon sequestered (b) each year could reach gigaton-scales if seaweed
were farmed over large areas of the ocean. Bars show the potential climate benefits as a function of
the lowest-cost ocean area (0.1% of ocean area is roughly 360,000 kmz?, nearly the area of Germany

and 130 times the total area of current seaweed farms), and colors indicate the average cost (or
profit) per tCO2-eq emissions avoided or tCO2 sequestered using optimistically low net costs (5t
percentile) from ambient nutrient simulations. Supplementary Figs. B.10 and B.11 show cumulative
potential and costs at the median and in limited nutrient simulations.
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Table 2.1 | Ranges of selected variables used in our technoeconomic analysis.

Variable Unit Model Range Values reported in
literature
Capital costs $/km?/year | 10,000 - 929,676 (van den Burg
1,000,000 etal, 2016)
550,000 - 950,000
(Capron et al., 2020)
375,910 (Correa etal,
2016)
210,580 (Camus et al,,
2019)
Seeded line cost (includes $/m 0.05 - 1.45 1.38 (van den Burg et al,,
hatchery costs) 2016)
0.13 (Camus et al,, 2019)
Harvest costs (includes $/km?/harv | 120,000 - 381,265 (Camus et al,,
harvest labor, excludes est 400,000 2019)
h tt t
arvest transport) 138,000 (van den Burg
etal, 2016)
Transport cost per ton of $/t/km 0.1 -0.35 0.225 (van den Burg et
material (includes al, 2016)
loading/unloading costs)
Transport emissions per ton | tCOz2/t/km 0 -0.000045 0.00003 (Aitken et al,
of material 2014)
Maintenance boat emissions | tCO2/km 0-0.0035 0.0023653 (calculated

using methods from
(Aitken etal, 2014;
Johnson, 2011))
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Atmospheric removal
fraction

fraction
(unitless)

04-1

0.4 - 0.75 (Berger etal,
2022)

0.5 (global average, from
preliminary experiment
by authors using
(Harrison et al,, 2018)
informed by (Bach et al,
2021))

Seaweed market value for
product end-use

$/tbwW

400 - 800

Food: 500-800 (dried
seaweed wholesale price
from ("Dried Seaweed
Price," 2022))

Feed: 400-500 (values
per ton dry animal feed
and soybean meal from
(USDA, 2022; van den
Burg etal, 2016),
assuming a direct
replacement with dry
seaweed)

Fuel: 430 (dried
seaweed price for
bioethanol production,
calculated based on
bioethanol yield per ton
seaweed (0.25) and
average of 2021-2022
historical E85 fuel prices
($3.76/GGE) from
(US.DOE, 2022),
modeled range 400-
500)

Not product-specific:
400 (dried seaweed
market price of
$400/tDW from
(Buschmann et al,
2017))
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GHG emissions avoided by
replacement with seaweed
product

tCO2-
eq/tDW

0.7-6.0

Food: 1-6 (considering
global average
emissions from GHGs
per kcal for pulses,
vegetables, fruits, oil
crops, and cereals, from
(Hong etal, 2021))

Feed: 1-3.1 (considering
global average
emissions from GHGs
per kcal for oil crops and
cereals, +- 50%

uncertainty, from (Hong
etal, 2021))

Fuel: 0.7-1 (assuming
3.2-3.5 tCO2/t fossil fuel
by fuel type from (EIA,
2021)and 0.25 t
bioethanol/tDW yield
from (Roesijadi et al,,
2010), and energy
density equivalence
conversions by fuel

type)
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CHAPTER 3

Net-zero emissions food systems

3.1 Introduction

Feeding a growing global population without further damaging the environment is one
of the key challenges of the coming decades. Over the past 60 years, growing demand for
food was met via the expansion of industrialized agriculture (The Green Revolution), which
led to increased crop yields and new crop varieties that fed most of the world even as
population doubled (Pingali, 2012; Tilman, 1998). However, these successes in crop
production relied heavily on higher application rates of synthetic nitrogen fertilizer,
leading to a seven-fold increase in fertilizer use from the 1960s to the 1990s (Tilman,
1998) which in turn led to an increase in nutrient pollution and greenhouse gas (GHG)
emissions (though still lower net GHG emissions than would have occurred without the
yield gains of the Green Revolution (Burney, Davis, & Lobell, 2010)). And despite steadily-
improving crop yields, agriculture is still the major driver of deforestation and terrestrial
biodiversity loss, particularly in the tropics (Jaureguiberry et al,, 2022; Ortiz, Outhwaite,

Dalin, & Newbold, 2021; Pendrill et al,, 2022).

Today, agricultural systems are responsible for 1/3 of global greenhouse gas emissions
(Crippa etal, 2021; Hong et al, 2021) and over 80% of deforestation (UNCCD, 2022). The
food system is the core of the broader agricultural sector and caused 18.5 Gt CO2-eq
emissions in 2017 (Figure 3.1) (Crippa etal, 2021; Hong et al, 2021). Even if we
successfully eliminated all GHG emissions from energy and industry today (including

energy inputs into the food system), roughly 14 Gt CO2-eq emissions - over 23% of total
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anthropogenic GHG emissions — would remain from land-based emissions and waste
(Figure 3.1). A substantial share of food system emissions are particularly hard-to-abate
compared to other emitting sectors (e.g., short-haul transportation), including area sources
of powerful non-CO2 GHGs (e.g., methane and N20) that result from the fundamental
chemistry of food production and are therefore intimately linked to modern agricultural
practices (Crippa etal,, 2021; Hong et al, 2021; Rosa & Gabrielli, 2023). Moreover, even
where clear and technically feasible solutions to agricultural emissions already exist, the
socio-economic and political barriers to action are often daunting (e.g, deforestation), and
some of the largest sources of agricultural emissions are in developing regions without

strong governance regarding land-use practices (Hong et al,, 2021; Searchinger et al,,

2019).

These challenges to mitigating food system emissions will continue to grow with
increasing population and affluence, and the impacts of climate change on agriculture may
increasingly undermine progress in agricultural production for many crops and regions
(Jagermeyr etal., 2021; Ortiz et al,, 2021). Yet despite agriculture’s substantial contribution
to global GHG emissions, it is not yet clear how to reduce the full scope of agricultural
emissions to a point compatible with climate stabilization or even net-zero emissions.
Several recent studies have highlighted opportunities for reducing emissions from parts of
the food system (Rosa & Gabrielli, 2023; Soofi, Manshadi, & Saucedo, 2022), while others
have focused largely on the carbon sequestration potential of agriculture to reduce food
system emissions (Costa et al, 2022). Additionally, representation of agriculture and land-
use in integrated assessment models is improving but still lacks detail and consistency,

particularly with regard to yield projections and the assumed rates of land-use change for
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carbon removal (e.g. afforestation, expansion of energy cropland area for BECCS) (Turner,

Field, Lobell, Sanchez, & Mach, 2018).

Here we review the prospect of transitioning to a net-zero emissions food system and
discuss the unique challenges associated with eliminating agricultural emissions. We assess
the technical potential of mitigation solutions for different hard-to-abate processes, the
role of both demand- and supply-side measures to reduce emissions, and priorities for

research and policy action.

3.2 Food system outputs

A functional food system must meet the basic nutritional needs of the population while
also upholding the pillars of food security: availability, accessibility, utilization, and
stability (FAO, 2014). As population and affluence grow, demand for more emissions-
intensive foods and luxury goods (e.g. beef, highly-processed foods) are also expected to
increase (Searchinger et al, 2019; Tilman etal, 2011). Demand for food will increasingly
compete for land with emissions mitigation strategies like bioenergy and nature -based
carbon removal (Riahi et al,, 2017; Stehfest et al, 2019) and with the need to preserve and

restore natural habitats.

In this section we describe several necessary nutritional outputs of the food system,
their currentand projected GHG emissions through mid-century, and the key uncertainties
of projected demand for food and other agricultural products. This overview of food system
outputs is non-exhaustive; indeed, many other dietary components (e.g., micronutrients)
are important to a well-balanced diet in the long-term. Our aim is not to undertake a fully

comprehensive assessment of a healthy diet but rather to provide background on dietary
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components that make up the majority of food demand and therefore also account for the
bulk of current and potential future food-related emissions. We also do not cover the scope
of luxury food goods like alcohol, stimulants, spices, and processed foods. Finally, we note
that any long-term demand predictions for agricultural commodities have large error bars
and associated uncertainties, but by outlining a range of potential outcomes, we hope to
provide a framework by which to evaluate the relative contribution of different
commodities to future food system emissions and highlight the largest sources of

uncertainty across different projections.

1. Calories and Carbohydrates

The primary goal of the food system is to provide dietary calories, which are largely
supplied by carbohydrates: the USDA recommends that carbohydrates should supply 45 -
65% of daily calories (USDA & USDHHS, 2020). Staple crops (e.g, cereal and grain crops
like wheat, rice, maize) are a major source of dietary carbohydrates globally (Falcon,
Naylor, & Shanker, 2022; FAO, 2022; Slavin & Carlson, 2014). In 2017, cereals accounted
for 54% of total caloric agricultural production (including feed and biofuels) (Hong et al,,
2021) and made up 45% of total caloric food supply globally (FAO, 2022), causing nearly 8
Gt of CO2-eq GHG emissions (Crippa et al, 2021; Hong et al, 2021). Projections of demand
for staple crops by 2050 vary widely due to uncertainties in mid -century population
(especially in Sub-Saharan Africa) and inconsistent incorporation of income elasticity of
food demand into overall projections (Falcon et al,, 2022). Estimates of total food demand
in 2050 range from <45% to >55% increase relative to 2019 with a median of 51% (Falcon

etal, 2022). Projections for rice and maize consumption change are particularly variable:
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rice ranges from 4% to 33% increase relative to 2019, while maize ranges from 24% to
64% (Falcon etal,, 2022). Assuming a 2050 population of 10 billion and no changes to the
emissions intensity of food production, emissions from cereal crops alone would reach 12

Gt CO2-eq annually (Crippa etal, 2021; Hong etal,, 2021).

Other important sources of dietary carbohydrates (in addition to grains) include
vegetables, fruits, milk, and milk products (Slavin & Carlson, 2014). Additional sources of
calories include meat (8% of total caloric food supply in 2017), sugar and other sweeteners
(8%), fruits and vegetables (7% combined), milk (5%), pulses (2%), and oilcrops (2%)
(FAO, 2022). Although it only accounted for 0.6% of total caloric agricultural production,
beef caused over 3 Gt CO2-eq GHG emissions in 2017 (17% of food system total emissions)
(Hong etal, 2021). Chicken, by comparison, is much less emissions-intensive: it accounted
for 0.7% of total caloric agricultural production and caused 0.2 Gt CO2-eq emissions (1% of
food system total emissions). In scenarios with a 2050 population of 10 billion, demand for
beef is projected to grow by 19-50% relative to 2019, while demand for chicken is
projected to grow by 46-131% (Falcon et al,, 2022). An increase of 19% for beef and 131%

for chicken would cause annual emissions of 3.8 and 0.6 Gt COz-eq, respectively, by 2050.

2. Protein

Dietary protein consists of many different amino acids, the balance of which is
important for human health (Falcon et al, 2022; FAO, 2013; Wolfe, Baum, Starck, &
Moughan, 2018). Amino acids serve numerous essential functions in the body, including
the maintenance of both structural and functional proteins that break down over time

(FAO, 2013; Wolfe et al, 2018). Amino acids can be classified as dietary essential (essential
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amino acids, EAA) and dietary non-essential (non-essential amino acids, NEAA). EAAs must
be supplied through dietary intake because they either cannot be synthesized by the
human body or cannot be synthesized at the rate required to meet nutritional
requirements. NEAAs can be synthesized by the body and therefore are not required to be
fully supplied by dietary intake (Wolfe et al, 2018). There is ongoing debate about the
optimal amount of protein intake in a healthy adult diet, but most research indicates a
range of 0.8 - 0.9 grams of protein per kg body weight or 10-35% of daily caloric intake as
protein (Falcon etal, 2022; Phillips, 2012; Wolfe et al,, 2018) which could be supplied

solely by plant sources of protein.

The largest sources of dietary protein in the global food supply are wheat, rice, milk,
poultry, pork, vegetables, and maize (FAO, 2022). 2050 demand projections for wheat fall
between 30-35% growth relative to 2019, while rice ranges from 4% to 33% increase and
poultry from 46-131% (Falcon et al,, 2022). Pork demand is projected to increase 16-39%
by 2050 relative to 2019. An increase of 131% for poultry and 39% for pork would cause

0.6 and 2.0 Gt CO2-eq emissions, respectively, in 2050.

3. Fats

Dietary fats are essential macronutrients that serve many roles in the human body (e.g,
energy storage, structural unit formation for cellular membranes, and vitamin absorption)
(Bajzelj, Laguzzi, & R66s,2021; Falcon et al,, 2022). The Food and Agriculture Organization
of the United Nations (FAO) recommends that fats make up 20-35% of total daily energy
intake (BajZelj et al,, 2021). Major sources of dietary fat in the global food supply include

pork, oilseeds, milk, poultry, butter, grains, and beef (BajZelj et al,, 2021; FAO, 2022). From
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a food demand perspective, vegetable fats (oils) are characterized by a high degree of
substitution: many different crops produce oil, so the demand for any particular oil crop is
highly sensitive to changes in price (Falcon et al, 2022). Due to this high degree of
substitution and its high oil yield per hectare, palm oil could have an even larger demand
increase than soybean oil by 2050 (Falcon et al,, 2022). Among animal fats, pork is the
largest source, accounting for 13% of total fat supply quantity in 2017 (FAO, 2022).
Projections for 2050 pork demand range from 16-39% increase relative to 2019 (Falcon et
al,, 2022). At the higher end of the range with a 39% increase, pork would cause 2.0 Gt CO2-

eq emissions in 2050.
3.3 Levers for mitigating food system emissions

Given the growing demand for agricultural products and the hard -to-abate emissions
associated with producing those products, the Pale identity (Hong et al, 2021) is a useful
tool for quantitatively exploring levers to reduce food system emissions at scale. It is an
agriculture-specific adaptation of the Kaya identity and expresses food system emissions as

a function several underlying drivers:

= ) E)=ra

Where E represents the flux of agricultural GHG emissions, P is the population, A is the total
agricultural production, and L is the agricultural land area. In the righthand-most side of
the equation, a = A/P is per-capita agricultural production, I = L/A is the land-use intensity
of agricultural production (i.e., the inverse of yield), and e = E/L is the emissions intensity

of land use (Hong et al, 2021). For the purposes of assessing food system emissions
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specifically (as opposed to all agricultural emissions), we use a version of the Pale
decomposition that excludes emissions from timber harvest but includes emissions from
waste as well as energy and industry inputs to the food system (e.g., fuel for tractors,

electricity for pumping irrigation water, synthetic fertilizer production, etc.).

The Pale identity drivers can be understood conceptually as demand (a = A/P), yields
(inverse of | = L/A), and emissions associated with farming practices (e = E/L). In this
section we discuss the potential for each of these drivers to act as levers for emissions
mitigation, the current state of technologies to reduce the magnitude of each driver, and

the challenges and opportunities for scaling solutions globally.

1. Decrease demand - changes to what and how much food we produce
a. Dietary shifts

Shifting diets to include a higher proportion of low-emissions-intensity foods and
therefore reduce demand for the most emissions-intensive foods would in turn reduce the
average emissions intensity of overall food demand. Figure 3.2 shows the potential for
decreased demand from dietary shifts to reduce food system emissions. 2017 emissions
from beef, dairy, pork, and chicken are shown in the top-right corner of each panel (Crippa
etal, 2021; Hong et al,, 2021), with contours representing the decreased emissions
resulting from some percentage of the highest per-capita consumers reducing their
consumption by some percent. Uneven distances between contours (e.g., contours that are
more closely spaced toward the top left corner of each panel) indicate inequitable per-
capita consumption of that product and a higher Gini coefficient (White, 2000). Beef (panel

A), for example, has a Gini coefficient of 0.54, indicating inequitable consumption with
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much higher per-capita consumption concentrated in just a handful of countries (the top
three beef consuming countries per-capita are Argentina, the United States, and Brazil)

(FAO, 2022).

This inequity of per-capita consumption is evident in the potential to mitigate emissions
from shifting diets away from beef: if the top 15% of per-capita beef consumers worldwide
reduced their beef intake by 30% (represented on panel A as point (70, 85)), annual beef
emissions would be approximately 2.6 Gt CO2-eq - nearly 0.5 Gtless than the original 3.1 Gt
COz2-eq emissions from beef. Panel D, on the other hand, shows that the emissions
mitigation from the complete elimination of chicken consumption would only reduce
emissions by 0.23 Gt - less than half of the mitigation potential from the top 15% of beef
consumers reducing beef consumption by just 30%. These relationships indicate that
reducing demand for beef is a powerful lever to reduce food system emissions, since even
fractional changes in consumption from a subset of the population would have an outsized

emissions mitigation impact compared to other animal-based sources of nutrition.

Reducing demand for emissions-intensive foods does not mean that people would then
simply eat less food - those calories would need to be replaced by other foods. The net
emissions mitigation impact of a diet shift to less emissions-intensive foods is therefore the
sum of the emissions reduction from shifting away from one food plus the additional
emissions resulting from increased consumption of another. For a highly emissions -
intensive food like beef, shifting to alternative sources of calories will almost always still
lower the average emissions intensity of food demand. One exception to this is sheep and

goat meat, which have a higher average emissions intensity than beef (Hong etal, 2021).
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Supplementary Figure C.1 shows the net emissions resulting from a replacement of beef
with mass-equivalent pulses (legumes), the food group with the next-highest emissions
intensity after beef (Hong et al,, 2021). Compared to Figure 3.2A, which shows the
emissions reduction from lower beef consumption but not the emissions associated with
replacement calories, replacing beef with pulses in a diet still has significant emissions
benefits. Take, for instance, the example point previously discussed for Figure 3.2A: 15% of
the top beef-eating population eating 30% less beef, as indicated by point (70%, 85%) in
panel A. This shift showed a 0.5 Gt CO2-eq emissions reduction from baseline without
considering the replacement of those beef calories with another food source. For the same
shift away from beef but now replacing that beef with mass-equivalent pulses,
Supplementary Figure C.1 shows that net emissions reductions would still be nearly 0.4 Gt

CO2-eq compared to baseline.

b. Plant-based and synthetic meats

Instead of shifting demand from meat to less emissions-intensive sources of nutrients
that have significantly different texture and flavor, there are increasing options on the
market for plant-based or synthetic (cultured) meats. These plant-based or cultured
options are typically less emissions-intensive to produce compared to their traditional
agriculturally-sourced counterparts while aiming to reproduce the same texture and flavor,
making diet shifts away from meat easier for larger portions of the population (Rubio,
Xiang, & Kaplan, 2020). Some well-known brands of the newest generation of plant-based
meats are Impossible™ Foods and Beyond Meat®, both of which have released full life cycle
assessments (LCAs) of their products’ environmental impact and GHG emissions. Plant-

based meat production on average uses 32% less energy, requires 97% less land, and
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causes 88% less greenhouse gas emissions compared to beef (Rubio et al, 2020). Cultured
cell-based meat also uses significantly less land compared to conventional beef, but it
requires 35% more energy per unit of production (Rubio et al, 2020). However, given that
most beef emissions are caused by land-use and enteric fermentation (Hong etal,, 2021),
cultured meat still causes 75% less greenhouse gas emissions than conventional beef

(Rubio etal., 2020).

Willingness to try plant-based meat is relatively high in several large markets (China,
India, the United States), but concerns over taste, texture, price, and level of food
processing still pose barriers for broader consumer acceptance and market scalabil ity
(Rubio et al., 2020). Cultured cell-based meat faces similar barriers to scale, with some
consumers also citing the “unnatural” nature of cultured meat as “unappealing” (Rubio et
al, 2020). There is, however, a willingness to try cultured meat among the majority of
consumers in the US (Wilks & Phillips, 2017), and omnivores are more likely to report
willingness to purchase cultured meat compared to vegans or vegetarians (Rubio et al,
2020; Wilks & Phillips, 2017). Although a substantial demand shift from conventional meat
to plant-based or synthetic meat is not likely to occur quickly, there are spaces within the
existing market to serve smaller but growing subsets of the population who are open to

purchasing meat alternatives (Rubio et al,, 2020).

c. Reduce food loss and waste

Reducing food loss and waste is a way to directly impact the total demand for
agricultural production. Food loss occurs on the supply-side from damage or spoilage prior

to reaching retails or consumers, while food waste occurs on the demand-side from
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spoilage or disposal by retailers or consumers (FAO, 2019; Hegwood et al.,, 2023; Quested,
O’Connor, & Forbes, 2021). Approximately 24% of all food calories produced are ultimately
lost or wasted (Kummu et al, 2012; Searchinger etal., 2019). By mass, around 14% of food
is lost prior to the retail stage (FAO, 2019), while 11% is wasted in households, 5% is
wasted in food service, and 2% is wasted in retail (Quested et al,, 2021), amounting to
about 1/3 of total food mass produced that is lost or wasted. Emissions from food loss
during processing (liquid and solid) as well as post-consumer food waste incineration,
methane from landfills, and wastewater account for 1.7 Gt CO2-eq emissions (Crippa et al,
2021), or 9% of total food system emissions (Figure 3.1). Over 90% of those 1.7 Gt CO2-eq
emissions are from retail and consumer household waste (Crippa et al, 2021). On top of
those direct emissions, there are emissions associated with producing that lost or wasted
food, such that reducing food loss and waste would also reduce the emissions caused by
producing the food in the first place. Total emissions from both the production and disposal
of lost or wasted food is approximately 5.6 Gt COz-eq - over 9% of total anthropogenic GHG

emissions.

Food loss and waste are caused by multiple underlying drivers, among which are poor
infrastructure, lack of awareness of the food waste problem, concerns about possible risks
of consuming food that may be spoiled, poor supply and demand planning, and marketing
strategies (Hanson et al,, 2019). Reductions to food loss and waste may also have
significant rebound effects that offset up to 71% of emissions mitigation, whereby
decreased demand causes lower food prices, resulting in more food purchased and
consumed (Hegwood et al, 2023). However, there would still be a net reduction in total

food loss and waste even with the maximum potential rebound effects taken into account,
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and more access to cheaper food would improve food security for many populations
(Hegwood etal,, 2023). Both food loss and waste can be reduced by improvements to
packaging and storage (Hanson etal, 2019; Poore & Nemecek, 2018), and efforts to reduce
food loss should be prioritized for the most emissions-intensive foods like beef, dairy, and
rice (Hanson et al, 2019). Moreover, efforts to educate and inform the public about the
need to reduce household food waste should be prioritized in higher-income countries
(where food waste is the larger issue) and efforts to implement better storage and supply
chain practices to reduce food loss should be prioritized in lower-income countries (where

food loss is the larger issue) (Hanson etal,, 2019).

Even with significant reductions, some amount of food loss and waste may be
unavoidable. This residual food waste can potentially be repurposed as animal feed,
reducing both the emissions from its disposal and displacing demand and emissions for
feed crops (Torok, Luyckx, & Lapidge, 2021). Regulatory frameworks still largely prohibit
using human food waste for animal feed or limit the types of waste that can be used;
however, with appropriate processing and safety practices, it is possible to effectively
integrate food waste into existing commercial feed production systems, as evidenced by the
successful food-waste-to-pig-feed industry in Japan (Torok et al,, 2021). Commercial food
waste can also be processed via anaerobic digestion to create both a soil amendment and
biomethane, which could be used to replace of fossil methane in a variety of applications

(Levis & Barlaz, 2011).

2. Sustainable intensification - changes to how we produce food

a. Closingyield gaps
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Improving yields is essential to meet growing food demand without causing further
land-use change. Yield gaps - differences between observed yields and potential yields
given current best agricultural practices - persist in many areas due to nutrient and/or
water limitations (Foley et al,, 2011; Mueller etal,, 2012; Ray, Mueller, West, & Foley, 2013;
Schils et al,, 2018). Yield gaps are especially prevalent among cereal crops worldwide
(Foley et al, 2011; Mueller et al., 2012; Schils et al,, 2018). Increased irrigation alone could
close cereal yield gaps in 16% of underachieving areas, and increased nutrient application
alone could close cereal yield gaps in 73% of underachieving areas. Together, improved
irrigation and nutrient management can close cereal yield gaps in all underperforming
areas to within 75% of attainable yields and result in a 29% global production increase
from existing cropland (Mueller et al,, 2012). However, it is also important to prioritize
resource input efficiency to minimize nitrogen and phosphorus runoff and avoid
exacerbating water scarcity. There is also a potential tradeoff between the goal of reducing
N20 emissions from soils and increasing nutrient application to close yield gaps (Kim,
Giltrap, & Sapkota, 2023). Targeted strategies to both improve input efficiency in regions
with nutrient overuse (e.g., China) and increase nutrient application in regions with
nutrient deficiencies (e.g., Eastern Europe) could close yield gaps to with 75% of attainable

yields while minimizing net changes to total nutrient inputs (Mueller et al, 2012).

The potential to close yield gaps is important to consider when projecting whether
future crop demand can be met without additional land-use change. Figure 3.3 shows
historical global average cereal yields (FAO, 2023) and yield projections through 2050 from
Integrated Assessment Model (IAM) scenarios (orange, green, and blue lines from 2020 -

2050) (Byers etal, 2022). Yield projections include an uncertainty range calculated from
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potential climate impacts on average cereal yields (Jagermeyr et al,, 2021), which are not
directly modeled by IAM scenarios. Theoretical yields that would be required to meet
projected food demand without additional land-use change after 2030 are also included
(red dot indicating mean demand increase assuming a population of 10 billion by 2050,
with whiskers representing high and low demand increase potential for same population)
(Falcon et al, 2022). Finally, the historical yield trend is shown as a dashed black line. It is
important to note that regional and crop-specific differences in yield trends, drivers, and
climate impacts will be important for developing targeted intensification/adaptation
strategies but are likely not well-represented by global averages. Following the historical
trend results in a 2050 yield closest to the maximum [AM scenario projection with adverse
climate impacts. If we expectyields to continue improving along the historical trend for the
next 30 years, this might indicate that IAMs underestimate the rate of yield improvements
on average. However, even if we assume cereal yield gaps can be closed to within 75% of
attainable yields globally by 2050, the resulting 29% production increase would result in a
2050 yield slightly below what would be expected from the historical trend, indicating that
additional technological and agronomic management practices will likely be required to
meet projected food demand without additional land-use change or dietary shifts (red
point with uncertainty whiskers in Figure 3.3). Moreover, fundamental differences in
assumptions among individual IAMs regarding the rate of technological innovation,
improved agronomy practices, and land-use/land-use change all lead to lead to high
uncertainty of yield drivers (e.g, total crop production and cropland/pasture area)
(Stehfest et al, 2019). A more consistent and comprehensive representation of

biogeochemical-agronomic feedbacks in IAMs would improve confidence in both the
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robustness of future yield projections and the degree to which improved management and

technologies would impact yield trends (Stehfest et al, 2019; Van Zeist et al,, 2020).
b. Slow-release fertilizers

Additional yield gains can be achieved by implementing new technologies and farming
practices beyond those required to close yield gaps. Crop genetic engineering, for example,
has potential to increase yields by improving resilience to abiotic stress, optimizing
photosynthesis, and improving nitrogen use efficiency (Baily-Serres, Parker, Ainsworth,
Oldroyd, & Schroeder, 2019). However, the timeline for developing improved crop varieties
is long compared to other yield improvement strategies, and research indicates that nearly
90% of yield increases for U.S. maize since 2005 were due to climate and agronomy rather
than crop genetic improvements (Rizzo et al,, 2022). Another potential technology is slow-
release nitrogen fertilizer, which (as the name suggests) releases nitrogen more slowly
than conventional fertilizers and in a pattern that more closely matches the crop nitrogen
uptake for physiological functions (Guertal, 2009; Li, Cheng, Lu, & Lu, 2021). Because of
these properties, slow-release fertilizer only requires a single application per growing
season, which can improve both yields and nitrogen use efficiency (Li et al,, 2021;
Wesotowska et al, 2021) and potentially reduce soil GHG emissions and nutrient leaching
(Guertal, 2009; Wesotowska et al,, 2021). Synthetic slow-release fertilizers can be
separated into two main categories: chemically reacted slow-release products and
physically coated slow-release products. Chemically reacted slow-release nitrogen
fertilizers are created from urea that has been chemically reacted into a form that is slower
to release into soil, examples of which include urea formaldehyde (UF) and isobutylidene

diurea (IBDU) (Guertal, 2009). Physically-coated slow-release fertilizers are slow-releasing
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because of a physical coating around the fertilizer material, which is typically made of
sulfur, wax, and/or plastic resin. Examples of physically coated slow-release nitrogen

fertilizers include sulfur-coated urea and resin-coated urea (Guertal, 2009).

Slow-release fertilizers have existed for many years but are typically not used for large -
scale commercial farming due to much higher up-front costs (Lawrencia et al, 2021; Li et
al, 2021; Wesotowska et al,, 2021). Sulfur-coated and resin-coated fertilizers can be up to 2
and 3 times more expensive, respectively, than conventional fertilizers (Wesotowska et al,,
2021).In some cases, yield gains and labor savings from using slow-release fertilizers could
offset most of the costs over time or even lead to cost-savings (Li et al, 2021), although itis
not clear to what extent these potential cost savings could scale for larger commercial
applications. Additionally, most polymer-based coatings are not biodegradable, and
regulations in many regions restrict the use of non-biodegradable physical coatings to limit
environmental impacts (Lawrencia et al,, 2021; Wesotowska et al, 2021). Natural polymer
coatings are being developed with the goal of creating a fully biodegradable coating option,
but the technology is still in its early stages; natural polymers presently lack sufficient
mechanical integrity to form an effective coating unless they are mixed with other (non-
biodegradable) materials (Lawrencia et al,, 2021). Ultimately, to facilitate the broader
adoption of slow-release fertilizers, targeted research is needed to bring biodegradable

coating materials down the cost curve and improve their mechanical integrity.

c¢. Improving farming practices

Management practices such as cover cropping (Jian, Du, Reiter, & Stewart, 2020;

Marcillo & Miguez, 2017; Oldfield, Bradford, & Wood, 2019; Pittelkow etal, 2015; Vendig et
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al, 2023) and cropping rotation diversification (Nunes, van Es, Schindelbeck, Ristow, &
Ryan, 2018; M. E. Smith et al,, 2023) can also effectively boost yields. Cover cropping is the
practice of growing a non-cash crop on otherwise bare or fallow soil to reduce soil erosion
and improve soil quality (Marcillo & Miguez, 2017; Vendig et al, 2023). Yield gains from
cover cropping are likely the direct result of increased soil organic carbon (SOC)
concentrations, which can lead to yield gains of up to 24% with legume cover crops
specifically (Nunes etal, 2018; Vendig et al,, 2023). Because they are not cash-crops, cover
crops incur additional costs from purchasing and planting, which poses a barrier to
widespread adoption; however, utilizing cover crops that can be grazed by cattle could help
to offset costs while still ultimately improving specific crop yields, thereby generating
higher returns (Schomberg et al,, 2014). Increasing crop rotational diversity is the practice
of growing multiple crop species in a rotation sequence in the same field and can lead to
yield benefits that increase over time, particularly for cereals with lower levels of nitrogen
inputs (M. E. Smith et al, 2023). Low- or no-tillage (Dittmer, Darby, Goeschel, & Adair,
2020; MacLaren et al.,, 2022; Mathers et al,, 2023; Nunes et al.,, 2018; Pittelkow et al., 2015;
Powlson et al, 2014) has unclear impacts on yields, with some studies indicating it
improves yields under certain conditions (e.g., in dry regions with rainfed agriculture)
while others indicate is has a negligible or even slightly negative yield impact. In summary,
additional yield gains are possible by implementing improved management practices, but
both the opportunity cost and upfront costs of such practices still pose barriers to
widespread adoption. Organizations should prioritize research and demonstration of
applications with co-benefits that can help offset costs or even lead to cost savings when

combined with the resulting yield increases.
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3. Emissions reduction, re-allocation, and suppression - changes to how and

where we produce food

Reducing the emissions associated with farming is a particularly challenging goal:
emissions originate from area sources (as opposed to point sources) that are intimately
linked to modern agricultural practices and fundamental chemistry (Clark et al,, 2020;
Crippa etal, 2021; Hong et al,, 2021; Rosa & Gabrielli, 2023; Tilman et al,, 2011). Based on
the Pale identity (eq. 28), food systems cannot reach net-zero emissions without
significantly reducing the emissions intensity of farming, and any amount by which
emissions intensity is not reduced must be ultimately offset with equivalent GHG removal.
Strategies for reducing emissions intensity can be broadly categorized as either reduction
or suppression, and a combination of both strategies is essential to reduce the emissions

intensity of food production at a global scale.

a. Reduction

Reduction strategies involve changes to how we grow food to reduce farming process
emissions. A high-priority reduction strategy is the decarbonization of energy and industry
inputs to agricultural systems (Rosa & Gabrielli, 2023; Soofi et al,, 2022). Emissions from
energy and industry caused 4.6 Gt CO2-eq emissions in 2017 - a quarter of the food system
total (Crippa et al, 2021; Hong et al, 2021). System-wide electrification of on-farm energy
uses (e.g, electric tractors) (Soofi et al, 2022) combined with zero-carbon electricity and
heat generation could eliminate a total of 3 Gt CO2-eq emissions from production,
packaging, retail, and households (Crippa etal,, 2021). Of the remaining 1.6 Gt CO2-eq

emissions, 0.87 Gt is from fossil fuel combustion for food transport and 0.76 Gt is from
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industrial process emissions (Crippa et al,, 2021). Electrification of short- and medium-haul
transport is viable with current technologies, and long-haul transport (e.g., heavy trucking,
shipping, and aviation) can be decarbonized via fuel-swapping with carbon-neutral liquid
fuels (Bergero etal, 2023; Davis et al, 2018). Industrial process emissions include
emissions from steel and synthetic fertilizer production. Steel production emissions can be
reduced through use of electric arc furnaces, process heat fuel-switching, efficiency
improvements, and biomass-derived or hydrogen reductants, while fertilizer production
emissions can be reduced by using electrolytic hydrogen production instead of steam

methane reformation (Davis et al., 2018).

On-farm emissions can also be reduced by improving manure management practices.
Most manure management emissions are from liquid manure systems (lagoons), which are
the primary systems used by farms with large manure volumes (Aguirre-Villegas & Larson,
2017; Owen & Silver, 2015). Smaller farms primarily use solid manure management
systems, which have comparatively lower GHG emissions due to higher aeration rates
(Aguirre-Villegas & Larson, 2017; Chadwick et al, 2011; Owen & Silver, 2015). For
permitted facilities that handle large amounts of manure, switching from liquid to solid
manure management systems may not be feasible given constrains to manure storage and
application timing that are required to maintain water and air quality (Aguirre-Villegas &
Larson, 2017). However, it is possible to reduce emissions from manure lagoons by more

than 50% via anaerobic digestion (Aguirre-Villegas & Larson, 2017).
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b. Suppression

Suppression strategies are technical innovations that inhibit the formation of GHG
emissions from farming practices. Suppression is particularly important for emissions that
result from biogeochemical processes inherent to food production, such as enteric
fermentation, release of N20 from soils, and methane from rice cultivation (Crippa et al,
2021; Hong et al,, 2021; Rosa & Gabrielli, 2023). Methane formation from enteric
fermentation naturally occurs during ruminant digestion and acts as a metabolic hydrogen
sink (Beauchemin, Ungerfeld, Eckard, & Wang, 2020; Janssen, 2010; McCauley et al,, 2020;
Ungerfeld, 2020). An effective metabolic hydrogen sink helps to maintain both rumen pH
and the kinetic favorability of digestion chemistry (Beauchemin et al., 2020; Janssen, 2010;
McCauley et al,, 2020; Ungerfeld, 2020). However, methane release from the digestive
system is a net energy loss - if ruminants could instead utilize the excess hydrogen instead
of releasing it as methane, they could get up to 12% more energy out of the same mass of

food (Glasson et al., 2022).

Methods for suppressing methane formation during ruminant digestion include feed
additives and vaccines that directly inhibit methanogens in the rumen (Glasson etal,, 2022;
Honan, Feng, Tricarico, & Kebreab, 2022; A. Patra, Park, Kim, & Yu, 2017; A. K. Patra, 2012;
Reisinger et al, 2021; B.M. Roque et al,, 2019). Seaweed feed additives containing high
amounts of bromoform (e.g., Asparagopsis taxiformis sp.) have been shown to reduce
ruminant methane emissions by up to 95% without adverse impacts to volatile fatty acid
production (B.M. Roque et al, 2019), although more research is needed to rule out any
long-term effects to cattle health or growth beyond 5-6 months of treatment. The active

compounds in seaweed feed additives are also metabolized quickly, so consistent feeding
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with the feed additives would be needed to keep seeing emissions mitigation benefits
(Ungerfeld, 2020). Moreover, if methanogenesis is inhibited in the long term, it may be
necessary to enhance alternate metabolic hydrogen sinks to stabilize rumen pH and
digestion reaction kinetics (Ungerfeld, 2020). Adding fumarate to cattle feed (or any
compound with a redox potential higher than CO3) is a possible method to enhance

alternate hydrogen sinks and maintain metabolic hydrogen flow (Ungerfeld, 2020).

Soil N20 emissions are a result of nitrification and denitrification, and N 20 emissions
increase with increased rates of synthetic fertilizer application (Butterbach-Bahl, Baggs,
Dannenmann, Kiese, & Zechmeister-Boltenstern, 2013; Graham, Wortman, & Pittelkow,
2017). In the absence of innovative suppression methods, a tradeoff therefore exists
between mitigating soil N20 emissions and yield gains. Integrated nutrient management
(INM) is a potential soil emissions suppression method that aims to synchronize crop
demand with nutrient availability through a combination of organic, inorganic, and
biological soil amendments (Graham et al.,, 2017). By synchronizing crop demand for
nutrients with nutrient availability in soils, INM increases nitrogen use efficiency which
thereby reduces excess nitrogen in soils, which can theoretically reduce N20 emissions
without sacrificing yields. Although effectiveness and mitigation potential vary widely
across studies, in general, INM treatments with low C:N ratios tend to be the most effective
atreducing N20 emissions compared to treatments with higher C:N ratios or organic
amendments alone (Graham et al,, 2017). Other potential soil amendments include biochar
and organic fertilizers: biochar can lower N20 emissions rates by facilitating electron
transfer to denitrifying organisms in the soil (Cayuela et al, 2013), and organic fertilizers

(e.g, manure) can lower N20 emissions by increasing the relative abundance of denitrifying
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microorganisms that favor complete denitrification to N2 gas over incomplete

denitrification to N20 (Lazcano, Zhu-Barker, & Decock, 2021).

Methane emissions from rice cultivation caused 0.86 Gt CO2-eq emissions in 2017,
nearly 5% of the food system total (Figure 3.1) (Hongetal,, 2021). Agronomic management
practices such as controlled irrigation - irrigation techniques such as alternate wetting and
drying (AWD) or drip irrigation that minimize anaerobic growing conditions - can help to
reduce rice methane emissions (Mallareddy et al,, 2023), but the benefits are highly
dependent on site-specific environmental conditions and have tradeoffs with yield gains
(Cho etal, 2022). Recent innovations in biochemical methods have strong potential for
methane suppression: cellulose acetate coated ethephon, a type of slow-release plant
growth regulator with strong inhibitory effects on methanogenesis, has been shown to
reduce rice paddy methane emissions by up to 90% without negatively impacting yields

(Cho etal, 2022).

4. Interventions for removing residual emissions

Even with decreased demand and ambitious improvements to yields and emissions
intensity of farming, it will be extremely difficult to fully eliminate GHG emissions from the
global food system. In order to reach net-zero emissions, any residual emissions must
therefore be offset by an equivalent amount of GHG removal. Figure 3.4 summarizes the
amount of GHG removal that would be required to reach net-zero emissions as a function of
Pale identity drivers under different demand scenarios (Falcon etal,, 2022). As indicated by
moving from the top right corner toward the bottom left corner of each panel, reductions in

the land intensity of production (I/a) and emissions intensity of land use (e/l) result in
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lower food system emissions and therefore lower amounts of GHG removal that would be
required compared to baseline. For example, in a low-food-demand scenario for 2050
(Figure 3.4, panel C) where food-driven land-use change stops after 2030 and 50% of beef
consumption shifts to chicken, food system emissions are reduced from 26 Gt to 9 Gt CO2-
eq (represented by the white square point). Further reductions in (e/1) through emissions
reduction and suppression methods and/or further reductions in (I/a) by yield
improvements and land restoration could result in even lower amounts of residual

emissions and therefore less GHG removal required to reach net-zero.

Carbon dioxide removal (CDR) is the main form of GHG removal that exists today,
though not yet near the scale required to reach gigaton-scale removal and sequestration.
Different approaches to CDR vary widely in their efficacy, durability, and price (Chay et al,,
2022; Wenger, D'Alessandro, & Wright, 2022). CDR methods can be loosely categorized on
a spectrum ranging from “nature-based” to “engineered”. Examples of methods at or near
the “nature-based” end of the spectrum include afforestation or reforestation, seaweed
farming and sinking, and ocean iron fertilization (OIF) (Chay et al,, 2022). Methods that fall
at or near the “engineered” end of the spectrum include bioenergy with carbon capture and
storage (BECCS) and direct air capture and storage (DAC) (Chay et al, 2022). Most CDR
methods are a combination of “nature-based” and “engineered” in that they enhance or
mimic natural carbon sinks through innovative technology and engineering techniques
(Wilcox, Kolosz, & Freeman). Examples of these methods that fall somewhere in the middle
of the spectrum include enhanced weathering (EW), ocean alkalinity enhancement (OAE),
biomass carbon removal and storage (BiCRS), and biochar (Chay et al.,, 2022; Wilcox et al.).

Enhanced weathering in agricultural soils may have significant co-benefits for crop yields
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(Beerling et al,, 2023; Edwards et al,, 2017), but further research and demonstration is
needed to determine if potential co-benefits can reliably scale for multiple crop types and
climates. Whether nature-based or engineered or some combination of both, in order for
the climate impact of CDR to effectively offset residual emissions, the durability of carbon
removal and storage must be at least as long as the average atmospheric lifetime of any
residual emissions it is used to offset. Otherwise, a low-durability removal is essentially a
delayed re-emission of the original residual GHG. Durability varies widely by CDR approach
and is (with a few exceptions) directly related to cost (Wenger et al, 2022). Increased
deployment of CDR thatis expensive today will continue to bring the technology down cost
curves (McQueen et al,, 2021), although it is unclear just how low costs can get, particularly

for engineered methods (Davis et al,, 2018).

Methane removal technologies are still in early stages of development compared to CDR
(R.B.Jackson et al,, 2021). Due to methane’s relatively short atmospheric lifetime but high
radiative forcing, the main benefit of methane removal is the potential to limit temperature
overshoot above climate targets (R.B. Jackson et al, 2021; Ming et al,, 2022). Methods for
methane removal include photocatalysis in solar updraft towers, zeolite catalysis in direct
air capture structures, enhancement of natural hydroxyl and chlorine sinks, and
methanotrophic bacteria (R.B. Jackson etal,, 2021; Ming et al,, 2022). Some of these
methods could be cheaper at scale per ton CO2-eq than CDR and may have co-benefits to
air-quality, and crop yields. However, the cheapest potential method - enhancement of
natural chlorine sinks - poses such significant risks to human health that it should only be
considered in extremely remote areas if at all (Ming et al. 2022). Methane capture by

zeolite in DAC devices and subsequent removal via thermal catalysis is a safer method that
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can potentially take advantage of DAC scaling to minimize additional infrastructure costs
(Ming et al. 2022), but the lower concentration of methane in ambient air compared to CO2
may make co-removal in the same device difficult. Photocatalysis on surfaces can
potentially remove other non-CO2 GHGs, like N20, though much more research is needed on

technical potential and costs (Ming et al. 2022).

3.4 Summary and Conclusions

Achieving net-zero emissions in the global food system is a particularly daunting task
due to the share of area-source non-COz GHG emissions that are fundamentally linked to
modern agricultural practices. Shifting diets away from beef would have an outsized impact
on decreasing the average emissions intensity of caloric production, while reducing food
loss and waste may increase food security through microeconomic rebound effects in
addition to emissions mitigation. Closing yield gaps is a top priority for sustainable
intensification, and targeted strategies to improve input efficiency in some regions while
increasing nutrient application in others could close yield gaps with minimal net changes to
total nutrient inputs. In order for slow-release fertilizers to contribute to sustainable
intensification at scale, further research is needed into the development of cost-

competitive, fully biodegradable options.

Increasing demand for food, combined with potential tradeoffs between yield gains and
higher N20 emissions, will ultimately drive the need for emissions suppression at the farm-
level. Promising methods are being developed to suppress GHG emissions from enteric
fermentation, soils, and rice paddies, although further research is needed to determine the

long-term efficacy and scalability of solutions. Even with optimistic yield gains and
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widespread on-farm emissions suppression, land-based emissions cannot reach zero
unless we stop deforestation. At COP26, world leaders pledged to end deforestation by
2030 (Thomas Gasser, Ciais, & Lewis, 2022), and strict land-use policies should be putin
place now to ensure the pledge is ultimately fulfilled. Finally, GHG removal will likely be
required to offset some amount of particularly difficult-to-eliminate emissions, and new
approaches for both methane removal and commercial CDR scalability are areas of active
research. Creating a sustainable agriculture system that can feed the world without
contributing to climate change will require coordinated efforts from both consumers and
producers and consumers across multiple food and energy sectors, and we must rapidly

scale up those efforts starting today.

3.5 Methods

2017 emissions (Figure 3.1). We used data from Hong etal. (2021) for the land-based
components of food system emissions (including land-based agricultural emissions and
land-use change) and data from Crippa et al. (2021) EDGAR-FOOD vé6 for the energy,
industry, and waste components of food system emissions. We only considered emissions
directly related to the food system and thus excluded emissions from wood harvesting
(timber). When allocating energy, industry, and waste emissions to agricultural product
emissions from Hong et al., we used data from Poore and Nemecek (2018) for the
commodity-specific proportion of emissions from land-based and non-land-based

activities.

Dietary shifts (Figure 3.2). We used country-level per-capita food supply available for

consumption data for beef, dairy, poultry, and chicken from the FAOSTAT food balances
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(FAO, 2022). We calculated country-level total consumption by multiplying per-capita
consumption with the population for each country. Global cumulative consumption was
then calculated by summing the country-level totals, sorted from lowest to highest per-
capita consumption. Total emissions for each food as a function of cumulative global
consumption (y-axis of Figure 3.2 panels) were then calculated by scaling the total
emissions for each food from Hong et al. (2021) to the percent increase in global
cumulative consumption from each country’s consumption. We then calculated the
relationship between total emissions for each food and the corresponding cumulative
population using polynomial curve-fitting. Finally, the resulting equation was then plotted
as a function of fractional consumption (x-axis of Figure 3.2 panels). To determine the net
emissions change resulting from replacing beef with mass-equivalent pulses
(Supplementary Figure C.1), we first converted the mass of additional pulses to calories
and then calculated the additional emissions that would be caused by increased caloric
pulses consumption using the average emissions per kcal for pulses from Hong et al.
(2021). We then added the associated pulses emissions to the avoided (negative) emissions

from reduced beef consumption.

Yields and climate impacts (Figure 3.3). For plotting historical yield data, we used
1961-2020 cereal yield from FAOSTAT Food Production (FAO, 2023). For projecting future
yields, we calculated the minimum, median, and maximum annual % increase in cereal
yield from IPCC ARG Integrated Assessment Model scenarios (Byers et al, 2022) that reach
2.0°C or lower by 2100 and applied those rates of increase to the 2020 historical yield value
from FAOSTAT. To calculate the climate impact uncertainty ranges, we used data on

climate impacts by 2100 for rice, wheat, and maize from Figure 1 of Jagermeyr etal. (2021).
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We converted this crop-specific data to minimum, average, and maximum potential climate
impact for all cereals using a weighted average of the minimum, average, and maximum
values from the individual cereal crops based on the fraction of total cereals prod uction
from each crop. The resulting minimum, mean, and maximum annual average % climate
impacts on cereal yield were then added to the % increases in cereal yield from AR6
scenarios for a total of 9 yield-climate impact scenarios (each possible combination of min,
median, max yield increase from AR6 scenarios and min, median, max climate impacts).
Because data from Jagermeyr et al. (2021) is for the year 2099, the resulting net yield
changes for 2099 were plotted and then linearly interpolated for years 2021-2098. The

crop yield forecast values in Figure 3.3 for 2050 are from these interpolations.

The theoretical yield required to meet 2050 food demand without additional land -use
change (red point and whiskers in Figure 3.3) was calculated based on several important
assumptions: (1) that cereal demand on average would increase by the same percent as
total average food demand from Falcon, Naylor, and Shanker (2022); (2) that 2050
population is 10 billion; and (3) that cropland for cereal production does not change
beyond 2020. Cereal cropland area has fluctuated somewhat over the last 60 years (by
approximately +12% from 1961-1980, -10% from 1980-2000, and +11% from 2000-2020)
but on average has remained around 700 million hectares (Hong et al. 2021). It is possible
that cereal demand on average will not increase by the same percentage as total food
demand: specific cereal crops show large differences in projected demand by 2050 (Falcon,
Naylor, and Shanker, 2022), but given the lack of specific data for wheat in Falcon, Naylor
and Shanker (2022) and uncertain dynamics between different demand scenarios and

commodity-specific demand, the average food % demand increase was assumed.
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Emissions mitigation and the Pale identity (Figure 3.4). For projecting food system
emissions in 2050, we used data on percent increases in total food demand and
commodity-specific increases from Falcon, Naylor, and Shankar (2022), adjusted from the
base period of 2019-2050 to 2017-2050 using FAO data on global caloric food production
by product (FAO, 2023). The demand scenarios used from Falcon, Naylor, and Shankar
(2022) were the minimum, average, and maximum % changes in total demand for a
population of 10 billion people. We calculated the change in emissions for each food group
by multiplying the resulting % changes in demand with total emissions for each food
(calculated using data from Hong et al. (2021) and Crippa et al. (2021); see section on
calculating 2017 emissions). To calculate the change in emissions from foods without
projected demand changes in Falcon, Naylor, and Shanker (2022), we summed the 2017
emissions from foods that did have projected demand changes and subtracted the resulting
sum from the total food system emissions (Hong etal,, 2021; Crippa et al, 2021; see section
on calculating 2017 emissions) to calculate the remaining emissions from all other foods in
2017. We then calculated the % change in demand for all other foods that would be
required to result in the average food demand increase from Falcon, Naylor, and Shanker
(2022) considering the % increases in foods with individual demand projections. We then
calculated 2050 emissions from all other foods by multiplying the emissions from all other
foods in 2017 by that % change that would be required to meet overall food demand
increase in 2050. Finally, we summed the emissions from both groups (foods with defined

% increases and all other foods) to calculate total food system emissions in 2050.

Next, we plotted the relationship between the resulting 2050 food system emissions,

agricultural land area, and total food calories for each demand scenario using the Pale
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identity (eq. 28). Total food calories demanded were calculated by multiplying 2017 food
supply calories by the minimum, average, and maximum % change in total food demand for
a population of 10 billion (Falcon, Naylor, and Shanker, 2022). Agricultural land area for
each demand scenario was calculated assuming yields (average for all foods) increases
linearly through 2050 and dividing the total food production amount (from Falcon, Naylor,
and Shanker demand scenarios) by 2050 yield. The change in emissions that would result
from stopping land use change after 2030 and shifting 50% of beef demand to (represented
by square points in each Figure 3.4 panel) were calculated based on several assumptions:
(1) that land-use change increase based on the linear average rate from historical data until
2030 and then remains constant; and (2) that 50% of caloric beef demand shifts to chicken
but total food calories demanded in each scenario remains the same. Importantly, the
yields that result from these assumptions are much higher than the yield that would be
expected in 2050 if yield follows a linear increase trend, which is why the land -use
intensity of production is lower than baseline for this scenario in all panels of Figure 3.4.
This indicates that significant sustainable intensification would be required to meet caloric

demand if land-use change for food stops by the end of the decade.
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3.6 Figures
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Figure 3.1 | 2017 Food system emissions. Emissions from the food system are caused by a
combination of land-use change and land management (green wedges), energy inputs (red and
orange wedges), industrial processes (yellow wedge), and waste (brown wedge). Wedges with a
larger radius are particularly hard-to-abate from a technological/chemical perspective, though
some smaller radius wedges might still be hard-to-abate for non-technical reasons (e.g, land-use
change)
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Figure 3.2 | Potential for dietary shifts to reduce food system emissions. Emissions from beef
(A), dairy (B), pork (C), and chicken (D) in 2017 are shown as a function of the fraction of current
consumption (x-axis) and the percentage of the population consuming that fraction of the food
product, sorted top to bottom from highest to lowest national per-capita consumption (y-axis).
2017 emissions from each food product are thus represented by the values in the top-right corner
of each panel, with contours representing the decreased emissions resulting from some percentage
of the highest per-capita consumers reducing their consumption by some percent. For example, if
the top 15% of per-capita beef consumers worldwide reduced their beef intake by 30%
(represented on panel A as point (70, 85)), annual emissions from beef would be approximately 2.6
Gt CO2-eq, which is 0.5 Gt less than the original 3.1 Gt CO2-eq emissions from beef.
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Cereal Yield Scenarios with Climate Impacts through 2050
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Figure 3.3 | Historical and projected cereal yields through 2050. Historical global average
cereal yields (FAO, 2023) are shown as blue points, and yield projections through 2050
from Integrated Assessment Model (IAM) scenarios that limit mean end-of-century
warming to 2°C or less are shown as orange, green, and blue lines from 2020-2050 (Byers
etal., 2022). Yield projections include an uncertainty range calculated from potential
climate impacts on average cereal yields (Jagermeyr et al, 2021), which are not directly
modeled by IAM scenarios. Theoretical yields that would be required to meet projected
food demand without additional land-use change after 2030 are also included (red dot for
mean demand increase assuming a population of 10 billion by 2050, with whiskers
representing high and low demand increase potential for same population) (Falcon etal,,
2022). The historical yield trend is shown as a dashed black line.
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Figure 3.4 | Emissions mitigation levers for 2050 from the Pale identity. Total food system
emissions in 2050 are shown as a function of the emissions intensity of land use (y-axis) and the
land intensity of production (x-axis), with contours representing the amount of GHG removal to
offset those residual emissions to reach net-zero. Each panel assumes a different food demand
scenario from Falcon, Naylor, and Shanker (2022) with a 2050 population of 10 billion. White
square points represent the total emissions that would result from a constant agricultural land area
after 2030 and 50% of beef consumption shifting to a caloric-equivalent amount of chicken by
2050.
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SUMMARY AND CONCLUSIONS

Supplying food and energy services to a growing global population without exceeding
mean end-of-century warming of 2°C will require massive systemic shifts to our agriculture
and energy systems. The pace at which we make these shifts will determine how much we
must rely on corresponding amounts of GHG removal to reach net-zero emissions and
stabilize climate (Byers et al., 2022; Davis et al, 2018; DeAngelo et al,, 2021; Matthews &
Caldeira, 2008; Matthews et al,, 2009). Even in the most ambitious mitigation scenarios,
however, carbon removal by 2100 is often at the gigaton-scale annually (Byers etal,, 2022;
DeAngelo et al, 2021). Moreover, the amount of carbon removal is not evenly distributed
across world regions, which has important implications for burden-sharing and equity
(DeAngelo et al,, 2021; Pozo et al, 2020). It is therefore essential to decarbonize as rapidly
and comprehensively as possible while also scaling up technologies to remove excess GHGs
from the atmosphere, particularly in developed nations that have caused the vast majority

of historical cumulative emissions.

Reaching net-zero emissions in the energy system will entail rapid increases in
renewable electricity generation, a massive scale-up in carbon-neutral liquid fuel
production for use as drop-in fuel, and widespread electrification of energy services (Byers
etal, 2022; Davis et al, 2018; DeAngelo et al, 2021). It will also potentially require large
amounts of carbon capture and sequestration (CCS): in IAM scenarios that reach net-zero
CO2 emissions by 2100, about 1/3 of primary energy production still comes from fossil
fuels on average when the energy system reaches net-zero emissions (DeAngelo et al,,

2021). Development and deployment of CCS for existing fossil fuel energy generation
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should therefore be prioritized now, in addition to early retirement of fossil fuel power
plants without CCS capabilities (Fofrich et al,, 2020). Emissions must also peak as soon as
possible, and a rapid scale-up of carbon removal technologies is needed to reach the scales
that might be required by end-of-century to offset residual emissions (Byers et al, 2022;

DeAngelo etal, 2021).

In the context of reaching gigaton-scale carbon removal, nature-based strategies are
appealing due to their lower energy and material requirements compared to engineered
strategies. Marine nature-based methods, such as seaweed farming and sinking, also have
advantages over land-based methods in that they do not require fertilizer or freshwater
and do not need to compete for space with agriculture (Arzeno-Soltero etal, 2023;
DeAngelo et al, 2023; Duarte et al, 2017; Froehlich et al, 2019). It is possible for seaweed
farming and sinking to sequester carbon at gigaton-scales (Arzeno-Soltero et al,, 2023;
DeAngelo et al, 2023), but uptake of the nutrients required to grow such large amounts of
seaweed would likely displace large amounts of phytoplankton growth and would
therefore have significant negative impacts on ocean ecosystems. This competition with
phytoplankton for nutrients would also negatively impact the net amount of carbon
removed per ton of seaweed carbon grown, resulting in lower net additionality (Berger,
Kwiatkowski, Ho, & Bopp, 2023). The cost per ton of CO2 removed by growing and sinking
seaweed could be as low as $480 in the cheapest areas, but this is still much higher than the
optimistic target of $100 per ton that many carbon removal targets are aiming to achieve.
The more economical climate benefit use for seaweed is as a substitute for agricultural
products: if seaweed can sell at market prices displace demand for food, it could return a
profit for each ton of CO2-eq emissions avoided.
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Using seaweed for food has such a high potential for avoiding emissions because
modern agriculture is extremely emissions-intensive (Crippa et al, 2021; Hong et al,
2021).Rapid and sweeping changes are therefore needed to reduce food system emissions
and eventually reach net-zero. On the demand side, shifting diets away from beef would
have an outsized impact on decreasing the average emissions intensity of caloric
production, while reducing food waste may increase food security through microeconomic
rebound effects in addition to mitigating emissions. On the supply side, closing yield gaps is
a top priority for sustainable intensification, and targeted strategies to improve input
efficiency in some regions while increasing nutrient application in others could close yield
gaps with minimal net changes to total nutrient inputs. Promising methods are being
developed to suppress GHG emissions from enteric fermentation, soils, and rice paddies,
although further research is needed to determine the long-term efficacy and scalability of
solutions globally. Stopping deforestation is also a top priority, which will require
aggressive policy action to enact strict land-use regulations. Without further land-use
change, even more rapid yield gains and/or diet shifts to less land -intensive foods will be

required to meet projected food demand.

Ultimately, achieving net-zero emissions energy and food systems by the end of this
century will require accelerated and sweeping changes to existing systems. While it is
certainly a daunting task, there are reasons to be optimistic about achieving this goal.
Renewable energy is cost-competitive with fossil fuel energy sources most world regions
(G. Luderer et al, 2022) and will likely continue to get cheaper, thanks to rapid
technological progress and learning curves. The Inflation Reduction Act of 2022 was the US

government’s most ambitious piece of climate legislation to date, and it has the potential to
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decrease US emissions economy-wide by nearly 50% by 2035 compared to 2005 levels
(Bistline et al,, 2023). Additionally, corporate investment in the climate-tech space is
increasingly driving innovation and deployment of scalable low-carbon technologies
(Surana et al,, 2023). If we build on this momentum by scaling coordinated efforts to
decarbonize energy and food systems, every bit of progress we make will contribute to

better living conditions for future generations.
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Appendix A: Supplementary Information for Chapter 1

Supplementary Table A.1 | List of 177 scenarios evaluated in this study that reach global net-zero
CO; emissions and included all output variables required for our analysis. Scenarios are listed first,
followed by the model that ran the scenario (format: scenario, model).

1 | ADVANCE_2020_1.5C-2100, AIM/CGE 2.0

2 | ADVANCE_2020_1.5C-2100, IMAGE 3.0.1

3 | ADVANCE_2020_1.5C-2100, MESSAGE-GLOBIOM 1.0

4 | ADVANCE_2020_1.5C-2100, POLES ADVANCE

5 | ADVANCE_2020_1.5C-2100, REMIND 1.7

6 | ADVANCE_2020_1.5C-2100, WITCH-GLOBIOM 4.2

7 | ADVANCE_2020_Med2C, MESSAGE-GLOBIOM 1.0

8 [ ADVANCE_2020_Med2C, POLES ADVANCE

9 | ADVANCE_2020_Med2C, REMIND 1.7

10 | ADVANCE_2020_Med2C, WITCH-GLOBIOM 4.2

11 | ADVANCE_2020_WB2C, AIM/CGE 2.0

12 | ADVANCE_2020_WB2C, IMAGE 3.0.1

13 | ADVANCE_2020_WB2C, MESSAGE-GLOBIOM 1.0

14 | ADVANCE_2020_WB2C, POLES ADVANCE

15 | ADVANCE_2020_WB2C, REMIND 1.7

16 | ADVANCE_2020_WB2C, WITCH-GLOBIOM 4.2

17 | ADVANCE_2030_1.5C-2100, POLES ADVANCE

18 | ADVANCE_2030_1.5C-2100, REMIND 1.7

19 | ADVANCE_2030_Med2C, IMAGE 3.0.1

20 | ADVANCE_2030_Med2C, MESSAGE-GLOBIOM 1.0

21 | ADVANCE_2030_Med2C, POLES ADVANCE

22 | ADVANCE_2030_Med2C, REMIND 1.7

23 | ADVANCE_2030_Med2C, WITCH-GLOBIOM 4.2

24 | ADVANCE_2030_Pricel.5C, AIM/CGE 2.0

25 | ADVANCE_2030_Price1.5C, MESSAGE-GLOBIOM 1.0

26 | ADVANCE_2030_Price1.5C, POLES ADVANCE

27 | ADVANCE_2030_Price1.5C, REMIND 1.7
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28

ADVANCE_2030_Price1.5C, WITCH-GLOBIOM 4.2

29

ADVANCE_2030_WB2C, AIM/CGE 2.0

30

ADVANCE_2030_WB2C, IMAGE 3.0.1

31

ADVANCE_2030_WB2C, MESSAGE-GLOBIOM 1.0

32

ADVANCE_2030_WB2C, POLES ADVANCE

33

ADVANCE_2030_WB2C, REMIND 1.7

34

ADVANCE_2030_WB2C, WITCH-GLOBIOM 4.2

35

CD-LINKS_NPi2020_.1000, IMAGE 3.0.1

36

CD-LINKS_NPi2020_1000, MESSAGEix-GLOBIOM 1.0

37

CD-LINKS_NPi2020_1000, POLES CD-LINKS

38

CD-LINKS_NPi2020_1000, REMIND-MAgPIE 1.7-3.0

39

CD-LINKS_NPi2020_1000, WITCH-GLOBIOM 4.4

40

CD-LINKS_NPi2020_.1600, IMAGE 3.0.1

41

CD-LINKS_NPi2020_1600, MESSAGEix-GLOBIOM 1.0

42

CD-LINKS_NPi2020_1600, POLES CD-LINKS

43

CD-LINKS_NPi2020_1600, REMIND-MAgPIE 1.7-3.0

44

CD-LINKS_NPi2020_1600, WITCH-GLOBIOM 4.4

45

CD-LINKS_NPi2020_400, AIM/CGE 2.1

46

CD-LINKS_NPi2020_400, IMAGE 3.0.1

47

CD-LINKS_NPi2020_400, MESSAGEix-GLOBIOM 1.0

48

CD-LINKS_NPi2020_400, POLES CD-LINKS

49

CD-LINKS_NPi2020_400, REMIND-MAgGPIE 1.7-3.0

50

CD-LINKS_NPi2020_400, WITCH-GLOBIOM 4.4

51

CEMICS-1.5-CDR12, REMIND 1.7

52

CEMICS-1.5-CDR20, REMIND 1.7

53

CEMICS-1.5-CDR8, REMIND 1.7

54

CEMICS-2.0-CDR12, REMIND 1.7

55

CEMICS-2.0-CDR20, REMIND 1.7

56

CEMICS-2.0-CDR8, REMIND 1.7

57

EMF33_1.5C_cost100, MESSAGE-GLOBIOM 1.0

58

EMF33_1.5C_cost100, POLES EMF33

59

EMF33_1.5C_cost100, REMIND-MAgPIE 1.7-3.0
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60

EMF33_1.5C_full, MESSAGE-GLOBIOM 1.0

61

EMF33_1.5C_full, POLES EMF33

62

EMF33_1.5C_full, REMIND-MAgPIE 1.7-3.0

63

EMF33_1.5C_limbio, POLES EMF33

64

EMF33_1.5C_nofuel, POLES EMF33

65

EMF33_1.5C_nofuel, REMIND-MAgPIE 1.7-3.0

66

EMF33_Med2C_cost100, MESSAGE-GLOBIOM 1.0

67

EMF33_Med2C_cost100, POLES EMF33

68

EMF33_Med2C_cost100, REMIND-MAgPIE 1.7-3.0

69

EMF33_Med2C_full, MESSAGE-GLOBIOM 1.0

70

EMF33_Med2C_full, POLES EMF33

71

EMF33_Med2C_full, REMIND-MAgPIE 1.7-3.0

72

EMF33_Med2C_limbio, MESSAGE-GLOBIOM 1.0

73

EMF33_Med2C_nofuel, MESSAGE-GLOBIOM 1.0

74

EMF33_Med2C_nofuel, POLES EMF33

75

EMF33_Med2C_nofuel, REMIND-MAgPIE 1.7-3.0

76

EMF33_WB2C_cost100, AIM/CGE 2.1

77

EMF33_WB2C_cost100, IMAGE 3.0.2

78

EMF33_WB2C_cost100, MESSAGE-GLOBIOM 1.0

79

EMF33_WB2C_cost100, POLES EMF33

80

EMF33_WB2C_cost100, REMIND-MAgPIE 1.7-3.0

81

EMF33_WB2C_full, IMAGE 3.0.2

82

EMF33_WB2C_full, MESSAGE-GLOBIOM 1.0

83

EMF33_WB2C_full, POLES EMF33

84

EMF33_WB2C_full, REMIND-MAgPIE 1.7-3.0

85

EMF33_WB2C_limbio, MESSAGE-GLOBIOM 1.0

86

EMF33_WB2C_limbio, POLES EMF33

87

EMF33_WB2C_limbio, REMIND-MAgPIE 1.7-3.0

88

EMF33_WB2C_nobeccs, POLES EMF33

89

EMF33_WB2C_nobeccs, REMIND-MAgPIE 1.7-3.0

90

EMF33_WB2C_nofuel, IMAGE 3.0.2

91

EMF33_WB2C_nofuel, MESSAGE-GLOBIOM 1.0
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92

EMF33_WB2C_nofuel, POLES EMF33

93

EMF33_WB2C_nofuel, REMIND-MAgPIE 1.7-3.0

94

EMF33_WB2C_none, REMIND-MAgPIE 1.7-3.0

95

EMF33_tax_hi_full, AIM/CGE 2.1

96

EMF33_tax_hi_full, IMAGE 3.0.2

97

EMF33_tax_hi_full, MESSAGE-GLOBIOM 1.0

98

EMF33_tax_hi_full, POLES EMF33

99

EMF33_tax_hi_full, REMIND-MAgPIE 1.7-3.0

100

IMA15-AGInt, IMAGE 3.0.1

101

IMA15-Def, IMAGE 3.0.1

102

IMA15-Eff, IMAGE 3.0.1

103

IMA15-LiStCh, IMAGE 3.0.1

104

IMA15-LoNCOZ, IMAGE 3.0.1

105

IMA15-Pop, IMAGE 3.0.1

106

IMA15-RenElec, IMAGE 3.0.1

107

PEP_1p5C_full NDC, REMIND-MAgPIE 1.7-3.0

108

PEP_1p5C_full_eff, REMIND-MAgPIE 1.7-3.0

109

PEP_1p5C_full_goodpractice, REMIND-MAgPIE 1.7-3.0

110

PEP_1p5C_full netzero, REMIND-MAgPIE 1.7-3.0

111

PEP_1p5C_red_eff, REMIND-MAgPIE 1.7-3.0

112

PEP_2C_full NDC, REMIND-MAgPIE 1.7-3.0

113

PEP_2C_full_eff, REMIND-MAgPIE 1.7-3.0

114

PEP_2C_full goodpractice, REMIND-MAgPIE 1.7-3.0

115

PEP_2C_full_netzero, REMIND-MAgPIE 1.7-3.0

116

PEP_2C_red_NDC, REMIND-MAgPIE 1.7-3.0

117

PEP_2C_red_eff, REMIND-MAgPIE 1.7-3.0

118

PEP_2C_red_goodpractice, REMIND-MAgPIE 1.7-3.0

119

PEP_2C_red_netzero, REMIND-MAgPIE 1.7-3.0

120

SMP_1p5C_Def, REMIND-MAgPIE 1.7-3.0

121

SMP_1p5C_Sust, REMIND-MAgPIE 1.7-3.0

122

SMP_1p5C_early, REMIND-MAgPIE 1.7-3.0

123

SMP_1p5C_lifesty, REMIND-MAgPIE 1.7-3.0
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124

SMP_1p5C_regul, REMIND-MAgPIE 1.7-3.0

125

SMP_2C_Def, REMIND-MAgPIE 1.7-3.0

126

SMP_2C_Sust, REMIND-MAgPIE 1.7-3.0

127

SMP_2C_early, REMIND-MAgPIE 1.7-3.0

128

SMP_2C lifesty, REMIND-MAgPIE 1.7-3.0

129

SMP_2C_regul, REMIND-MAgPIE 1.7-3.0

130

SSP1-19, AIM/CGE 2.0

131

SSP1-19, GCAM 4.2

132

SSP1-19, IMAGE 3.0.1

133

SSP1-19, MESSAGE-GLOBIOM 1.0

134

SSP1-19, REMIND-MAGgPIE 1.5

135

SSP1-19, WITCH-GLOBIOM 3.1

136

SSP1-26, GCAM 4.2

137

SSP1-26, IMAGE 3.0.1

138

SSP1-26, MESSAGE-GLOBIOM 1.0

139

SSP1-26, REMIND-MAgPIE 1.5

140

SSP1-26, WITCH-GLOBIOM 3.1

141

SSP1-34, GCAM 4.2

142

SSP1-34, IMAGE 3.0.1

143

SSP1-34, MESSAGE-GLOBIOM 1.0

144

SSP1-34, REMIND-MAGgPIE 1.5

145

SSP1-34, WITCH-GLOBIOM 3.1

146

SSP2-19, AIM/CGE 2.0

147

SSP2-19, GCAM 4.2

148

SSP2-19, MESSAGE-GLOBIOM 1.0

149

SSP2-19, REMIND-MAgPIE 1.5

150

SSP2-26, AIM/CGE 2.0

151

SSP2-26, GCAM 4.2

152

SSP2-26, IMAGE 3.0.1

153

SSP2-26, MESSAGE-GLOBIOM 1.0

154

SSP2-26, REMIND-MAgPIE 1.5

155

SSP2-26, WITCH-GLOBIOM 3.1

141




156

SSP2-34, GCAM 4.2

157

SSP2-34, MESSAGE-GLOBIOM 1.0

158

SSP2-34, REMIND-MAgPIE 1.5

159

SSP3-34, AIM/CGE 2.0

160

SSP3-34, MESSAGE-GLOBIOM 1.0

161

SSP4-19, WITCH-GLOBIOM 3.1

162

SSP4-26, AIM/CGE 2.0

163

SSP4-26, GCAM 4.2

164

SSP4-26, IMAGE 3.0.1

165

SSP4-26, WITCH-GLOBIOM 3.1

166

SSP4-34, GCAM 4.2

167

SSP5-19, GCAM 4.2

168

SSP5-19, REMIND-MAgPIE 1.5

169

SSP5-26, AIM/CGE 2.0

170

SSP5-26, GCAM 4.2

171

SSP5-26, REMIND-MAgPIE 1.5

172

SSP5-34, GCAM 4.2

173

SSP5-34, REMIND-MAgPIE 1.5

174

TERL_15D_LowCarbonTransportPolicy, AIM/CGE 2.1

175

TERL_15D_NoTransportPolicy, AIM/CGE 2.1

176

TERL_2D_LowCarbonTransportPolicy, AIM/CGE 2.1

177

TERL_2D_NoTransportPolicy, AIM/CGE 2.1
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Supplementary Figure A.1 | Economicindicators for net-zero scenarios. Maximum final energy
is plotted against maximum GDP ultimately reached in net-zero scenarios. Points represent
individual scenarios, with color corresponding to warming level (blue = <1.5°C, green = 2.0°C,
orange =>2.0°C) and probability density distributions shown along each axis for each warming

level (colors corresponding to warming levels). Median lines for each warming group are shown as
dashed lines along distributions.
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Renewables Growth, Energy-GDP
Decoupling, and Cumulative
BECCS through Net-Zero Year
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Supplementary Figure A.2 | Rate of energy system transformation by warming group up to
net-zero year. Rate of energy system transformation is represented by the difference between
average annual % change in GDP and final energy (x-axis) and the average annual % change in
renewable energy share of primary energy (y-axis) through each scenario’s net-zero year. Colors of
points indicate warming level (blue = <1.5°C, green = 2.0°C, orange = >2.0°C), and size of points
corresponds to the cumulative carbon sequestered through bioenergy with carbon capture and
storage (BECCS) through the net-zero year.
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Supplementary Figure A.3 | Early vs. Late net-zero scenarios. Global scenarios that reach net-
zero emissions before or at the median net-zero year 2064 (“Early”) vs. after the median net-zero
year (“Late”) show differences in energy use (a), emissions trajectory (b), energy sources (c),
residual emissions (d), electrification (e), and policy (f). Points represent individual scenarios, with
frequency of scenarios shown along each axis for Early and Late scenario groups. Colored dashed
lines and values indicate medians for Early vs. Late scenario groups. Gray dashed lines indicate
reference values for the year shown in gray.
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Supplementary Figure A.4 | Primary Energy Sources in Global Net-Zero Emissions Scenarios.
Ternary diagrams show the percentage of primary energy from renewables (right axis), fossil fuels
(bottom axis), and nuclear (left axis) for <1.5°C (a), 2.0°C (b), and >2.0°C (c) scenarios. The three

axis values for each individual point sum to 100%. Red points indicate the geometric median for
each respective warming group.
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Supplementary Figure A.5 | Regional populations in net-zero year. Population in scenario net-
zero years for R5ASIA (Asia), RSLAM (Latin America), RSMAF (Middle East+Africa), RSOECD90+EU

(OECD and EU countries), and RSREF (Eastern Europe+Russia). Error bars indicate 1 standard
deviation.
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Supplementary Figure A.6 | Regional investment vs. electrification, negative emissions from
BECCS, and residual energy+industry emissions. Scenarios that reach net-zero emissions
globally and have regional outputs for investment in non-fossil electricity supply (n=20 scenarios
with all regions, for a total of 100 data points) show regional differences in share of final energy as
electricity (a), per capita negative emissions from BECCS (b), and per capita residual emissions
from energy and industry (c). Points represent individual scenarios, with frequency of scenarios
shown along each axis for each region (Asia = blue, Latin America = green, Middle East+Africa =

orange, OECD+EU countries = pink, and Eastern Europe+Russia = purple). Colored dashed lines and
values indicate medians for each region.
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Residual Emissions by End-Use Sector
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Supplementary Figure A.7 | Residual emissions by end-use sector in global net-zero year.
Each bar represents an individual scenario output, numbered 1-40. Please see Table S2 for
corresponding list of scenarios and numbers for this figure. Panel (a) shows total per capita
residual emissions from four end-use sectors as the height of each bar, and the amount from each
end-use sector is represented by color: transportation = blue, residential and commercial = orange,
industry (energy demand) = green, and industry (process emissions) = purple. Panel (b) shows
each end-use sector as a percentage of the total residual emissions from the four sectors.
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Supplementary Figure A.8 | Pairwise Correlation Matrix for Figure 4 Parameters. Pairwise
correlation coefficients for Figure 4 columns are shown in a matrix, with positive correlation
coefficients shaded blue and negative correlation coefficients shaded red. Darker shades indicate

stronger positive or negative correlations.
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Supplementary Figure A.9 | Model comparison for parameters in global net-zero year.
Residual CO. emissions per capita (top row), the share of renewable primary energy from non-
biomass sources (middle row), and the share of final energy as electricity (bottom row) are shown
for 1.5°C (left column), 2.0°C (middle column), and >2.0°C (right column) scenarios, broken out by
model. In each case, the boxes show the range from 25t to 75t percentiles, and the whiskers
indicate the 5t and 95t percentiles where applicable (some models did not have enough scenario
points to show 5t and 95t percentiles, since any points outside the box range were outliers). Lines
and circles within the boxes denote the median and mean values, respectively. 15 models ran 1.5°
scenarios, 16 models ran 2.0°C scenarios, and 9 models ran >2.0°C scenarios that reach net-zero
emissions. For ease of comparison, box colors are consistent for each model throughout the figure

(each model is always the same color across plots).
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Residual Emissions Model Comparison for Select Scenarios

=
g 2.0 .
8
< 1.8
O ® ®
C 164
2 °
E 14-
8 o . o
g 1.2 S .. °
o °
g 1.0 ° ° S
é 0.8 — o
5} o0 °
= 0.6 @
3 o
»w 0.4
)
o : . : ] |
Q/\QQ %Q,O Q;LO '\:\(5 Q;L%
o« W K\ B of
: e R ) S
oo P of
o o 2 Model
g w ™ ® AIM/ICGE 2.0
W 3\ \\
N W Y IMAGE 3.0.1
PS) Scenario ® MESSAGE-GLOBIOM 1.0
® POLES ADVANCE
® REMIND17
® WITCH-GLOBIOM 4.2
® GCAM4.2

REMIND-MAgGPIE 1.5
WITCH-GLOBIOM 3.1

Supplementary Figure A.10 | Residual emissions model /scenario comparison in global net-
zero year. Per capita residual emissions from energy+industry are shown for five scenarios, each of
which was run by 6 models. Models AIM/CGE 2.0 (blue), IMAGE 3.0.1 (orange), and MESSAGE -
GLOBIOM 1.0 (green) ran all five scenarios; Models POLES ADVANCE (red), REMIND 1.7 (purple),
and WITCH-GLOBIOM 4.2 (brown) ran scenarios ADVANCE_2020_1.5C-2100,
ADVANCE_2020_WB2(, and ADVANCE_2030_WB2C; Models GCAM 4.2 (pink), REMIND-MAgPIE 1.5
(gray), and WITCH-GLOBIOM 3.1 (yellow) ran scenarios SSP1-19 and SSP2-26. Of the models that
ran all five scenarios, IMAGE 3.0.1 has the lowest residual emissions value for four of the five
scenarios, AIM/CGE 2.0 is the bottom half of model values for all five scenarios, and MESSAGE -
GLOBIOM 1.0 is in the bottom half of model values for four of the five scenarios. Of the models that
only ran the ADVANCE scenarios, WITCH-GLOBIOM 4.2 is the highest in two of the three ADVANCE
scenarios and is in the top half of model values for ADVANCE_2020_1.5C-2100, while POLES
ADVANCE and REMIND 1.7 are in the top half of model values for two of the three ADVANCE
scenarios, and REMIND 1.7 is the highest for ADVANCE_2020_1.5C-2100. Of the models that only
ran the SSP scenarios, GCAM 4.2 is by far the highest for both SSP1-19 and SSP2-26, while REMIND-
MAGPIE 1.5 in the bottom half of models for both and WITCH-GLOBIOM 3.1 is in the top half of
models for both.
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Supplementary Figure A.11 | Fuel Types for Non-Electric Final Energy in Global Net-Zero
Emissions Scenarios. Ternary diagrams show the percentage of non-electric final energy from
gases (left axis), liquids (bottom axis), and solids + other (right axis) for <1.5°C (a), 2.0°C (b),

and >2.0°C (c) scenarios. The three axis values for each individual point sum to 100%. Red points

indicate the geometric median for each respective warming group.
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Supplementary Table A.2 | List of 40 scenarios evaluated by end-use sector residual
emissions in Supplementary Figure A.7. Only these 40 scenarios out of the original 177 had
all required output variables for end-use sector analysis. Scenarios are listed first, followed
by the model that ran the scenario (format: scenario, model).

1 | IMA15-RenElec, IMAGE 3.0.1

2 | IMA15-LiStCh, IMAGE 3.0.1

3 | IMA15-LoNCO2, IMAGE 3.0.1

4 | IMA15-Pop, IMAGE 3.0.1

5 | IMA15-AGInt, IMAGE 3.0.1

6 | IMA15-Def, IMAGE 3.0.1

7 | IMA15-Eff, IMAGE 3.0.1

8 | CEMICS-2.0-CDR8, REMIND 1.7

9 [ TERL_15D_LowCarbonTransportPolicy, AIM/CGE 2.1

10 | SMP_2C_Sust, REMIND-MAgPIE 1.7-3.0

11 | CEMICS-1.5-CDR8, REMIND 1.7

12 | TERL_2D_LowCarbonTransportPolicy, AIM/CGE 2.1

13 | CEMICS-2.0-CDR12, REMIND 1.7

14 | SMP_2C_early, REMIND-MAgPIE 1.7-3.0

15 | PEP_2C_red_netzero, REMIND-MAgPIE 1.7-3.0

16 | CEMICS-2.0-CDR20, REMIND 1.7

17 | PEP_2C_red_eff, REMIND-MAgPIE 1.7-3.0

18 | SMP_2C lifesty, REMIND-MAgPIE 1.7-3.0

19 | PEP_2C_red_goodpractice, REMIND-MAgPIE 1.7-3.0

20 | PEP_1p5C_full netzero, REMIND-MAgPIE 1.7-3.0

21 | CEMICS-1.5-CDR20, REMIND 1.7

22 | CEMICS-1.5-CDR12, REMIND 1.7

23 | PEP_1p5C_red_eff, REMIND-MAgPIE 1.7-3.0

24 | PEP_2C_full_netzero, REMIND-MAgPIE 1.7-3.0

25 | PEP_2C_red_NDC, REMIND-MAgPIE 1.7-3.0

26 | PEP_1p5C_full_eff, REMIND-MAgPIE 1.7-3.0

27 | TERL_15D_NoTransportPolicy, AIM/CGE 2.1

28 | SMP_2C_Def, REMIND-MAgPIE 1.7-3.0
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29

PEP_2C_full goodpractice, REMIND-MAgPIE 1.7-3.0

30

SMP_1p5C_early, REMIND-MAgPIE 1.7-3.0

31

SMP_2C_regul, REMIND-MAgPIE 1.7-3.0

32

PEP_2C_full_eff, REMIND-MAgPIE 1.7-3.0

33

PEP_1p5C_full_goodpractice, REMIND-MAgPIE 1.7-3.0

34

PEP_2C_full NDC, REMIND-MAgPIE 1.7-3.0

35

SMP_1p5C_Def, REMIND-MAgPIE 1.7-3.0

36

SMP_1p5C_lifesty, REMIND-MAgPIE 1.7-3.0

37

PEP_1p5C_full NDC, REMIND-MAgPIE 1.7-3.0

38

SMP_1p5C_Sust, REMIND-MAgPIE 1.7-3.0

39

SMP_1p5C_regul, REMIND-MAgPIE 1.7-3.0

40

TERL_2D_NoTransportPolicy, AIM/CGE 2.1
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Supplementary Table A.3 | List of 20 scenarios evaluated by investment in non-fossil
electricity supply in Supplementary Figure A.6. Only these 20 scenarios (5 regions for each
scenario, for a total of 100 data points in Supplementary Fig. 6) out of the original 175
regional scenarios had non-zero regional outputs for investment in non-fossil electricity
supplyinthe global net-zero year. Scenarios are listed first, followed by the model that ran
the scenario.

1 | ADVANCE_2020_1.5C-2100, AIM/CGE 2.0

2 | ADVANCE_2020_1.5C-2100, MESSAGE-GLOBIOM 1.0

w

ADVANCE_2020_1.5C-2100, WITCH-GLOBIOM 4.2

IS

ADVANCE_2020_Med2C, MESSAGE-GLOBIOM 1.0

v

ADVANCE_2020_Med2C, WITCH-GLOBIOM 4.2

ADVANCE_2020_WB2(C, AIM/CGE 2.0

ADVANCE_2020_WB2C, MESSAGE-GLOBIOM 1.0

ADVANCE_2020_WB2C, WITCH-GLOBIOM 4.2

O oo 39| o

ADVANCE_2030_Med2C, MESSAGE-GLOBIOM 1.0

10 | ADVANCE_2030_Med2C, WITCH-GLOBIOM 4.2

11 | ADVANCE_2030_Price1.5C, AIM/CGE 2.0

12 | ADVANCE_2030_Price1.5C, MESSAGE-GLOBIOM 1.0

13 | ADVANCE_2030_Price1.5C, WITCH-GLOBIOM 4.2

14 | ADVANCE_2030_WB2C, AIM/CGE 2.0

15 | ADVANCE_2030_WB2C, MESSAGE-GLOBIOM 1.0

16 | ADVANCE_2030_WB2C, WITCH-GLOBIOM 4.2

17 | TERL_15D_LowCarbonTransportPolicy, AIM/CGE 2.1

18 | TERL_15D_NoTransportPolicy, AIM/CGE 2.1

19 | TERL_2D_LowCarbonTransportPolicy, AIM/CGE 2.1

20 | TERL_2D_NoTransportPolicy, AIM/CGE 2.1
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Appendix B: Supplementary Information for Chapter 2

Supplementary Table B.1 | Technoeconomic model variables.

Variable

Unit

Model Range

Values reported in
literature

Capital costs

$/km2/year

10,000 -
1,000,000

929,676 [(van den Burg et
al, 2016)]

550,000 - 950,000
[(Capron etal.,, 2020)]

375,910 [(Correaet al.,
2016)]

210,580 [(Camuset al,,
2019)]

Operating and maintenance
costs

$/kmz2/year

60,000 - 70,000

69,000 [(van den Burg et
al.,, 2016)]

63,320 [(Camus et al.,
2019)]

Seeded line cost (includes
hatchery costs)

$/m

0.05-1.45

1.38 [(van den Burg et al,,
2016)]

0.13 [(Camus et al., 2019)]

Labor costs (excludes harvest
labor)

$/km2/year

38,000 - 120,000

115,485 [(Camus et al.,
2019)]

41,800 [(van den Burg et
al, 2016)]

Harvest costs (includes harvest
labor, excludes harvest
transport)

$/kmz2/harve
st

120,000 - 400,000

381,265 [(Camuset al,,
2019)]

138,000 [(van den Burg et
al, 2016)]
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Transport cost per ton of $/t/km 0.1-0.35 0.225 [(van den Burg et al,,

material (includes 2016)]

loading/unloading costs)

Transport emissions per ton of | t€COz/t/km 0-0.000045 0.00003 [(Aitken et al.,

material 2014)]

Maintenance boat emissions tCOz/km 0-0.0035 0.0023653 (calculated
using methods from
[(Aitken et al., 2014;
Johnson, 2011)])

Insurance costs $/kmz/year | 35,000 - 105,000 | 70,000 [(van den Burg et
al, 2016)]

Aquaculture license costs $/kmz2/year | 1,000 - 2,000 1,420 [(Camus et al.,
2019)]

Atmospheric removal fraction | fraction 04-1 0.4 - 0.75 [(Berger et al.,

(unitless) 2022)]

0.5 (global average, from
preliminary experiment by
authors using [(Harrison
etal., 2018)] informed by
[(Bachetal, 2021)])

Seaweed yield tDW/kmz2/ye | 5t, 25t median, Results from G-MACMODS

ar 75t, and 95th biophysical growth model

percentile maps
(randomly
selected each
simulation from
normal
distribution)

Monte Carlo analysis

[(Arzeno-Soltero et al.,
2022)]
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Seaweed market value for
product end-use

$/tDW

400 - 800

Food: 500-800 (dried
seaweed wholesale price

from [("Dried Seaweed
Price," 2022)])

Feed: 400-500 (values per
ton dry animal feed and
soybean meal from
[(USDA, 2022; van den
Burg etal., 2016)],
assuming a direct
replacement with dry
seaweed)

Fuel: 430 (dried seaweed
price for bioethanol
production, calculated
based on bioethanol yield
per ton seaweed (0.25)
and average of 2021-2022
historical E85 fuel prices
($3.76/GGE) from
[(U.S.DOE, 2022)],
modeled range 400-500)

Not product-specific: 400
(dried seaweed market
price of $400/tDW from
[(Buschmann et al.,
2017)])

Conversion cost

$/tDW

20-80

48 (calculated with data
from [(Roesijadi et al.,
2010)] assuming plant
meets full feedstock
capacity)

Conversion emissions

tCO2/tDW

0-0.01

0.0057 (calculated using
data and methods from
[(Roesijadi et al., 2010)])
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Depth impact on capex multiplier 0-1 1 (estimation used in [(van
(unitless) den Burget al., 2016)] that

offshore depth can double
capital costs)

Significant wave height impact | multiplier 0-1 Author assumption that

on capex (unitless) high waviness impacts
capital lifetime similarly to
depth impact

GHG emissions avoided by tCOze/tDW 0.7-6.0 Food: 1-6 (considering

replacement with seaweed
product

global average emissions
from GHGs per kcal for
pulses, vegetables, fruits,
oil crops, and cereals, from
[(Honget al,, 2021)])

Feed: 1-3.1 (considering
global average emissions
from GHGs per kcal for oil
crops and cereals, +- 50%
uncertainty, from [(Hong
etal, 2021)])

Fuel: 0.7-1 (assuming 3.2-
3.5tCO/t fossil fuel by
fuel type from [(EIA,
2021)], 0.25t

bioethanol /tDW from
[(Roesijadi et al., 2010)],
and energy density
equivalence conversions

by fuel type)
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Supplementary Table B.2 | Constants in model.

Parameter Unit Model Range Source
Total length of cultivation | m/km? Tropical red: 5,000,000 Calculated using
line per unit area Temperate red: 20,000,000 species-specific line
Tropical brown: 751,880 spacing from
Temperate brown: 666,667 [(Arzeno-Soltero et
al.,, 2022)]
Capital and other t/kmz/year Tropical red: 1,231.87 Calculated using line
annualized equipment Temperate red: 4,927.50 spacing (above) and
mass Tropical brown: 185.24 methods from
Temperate brown: 164.25 extended methods
in [(Aitken et al,,
2014)]
Number of maintenance trips/kmz2/ye | 6 [(Aitken et al,,
trips ar 2014)]
Fraction of sunk carbon fraction 0-1 [(Siegel etal.,
sequestered for 100 years | (unitless) 2021)]
Depth beyond which m 500 [(Yu, Zhang, Yang,
capex increases via Xin, & Gao, 2020)]
depth_mult
Significant wave height m 3 [(Yim, Nakhata,
beyond which capex Bartel, & Huang,
increases via wave_mult 2005)]
Seaweed carbon fraction | tC/tDW 0.3 [(Arzeno-Soltero et
al,, 2022; Duarte,
1992)]
Seaweed caloric content | Kcal/tDW 2,980,000 [(USDA, 2020)]
Bioethanol yield from t/tDW 0.25 [(Roesijadi et al.,

seaweed

2010)]
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Ambient nutrients Limited nutrients

temperate red | I temperate brown |

tropical red [l M tropical brown no harvest/
sea ice

Supplementary Figure B.1 | Preferred seaweed type. The seaweed type that results in the most
harvested biomass is shown for each ocean grid cell for the G-MACMODS standard run ambient
nutrient scenario (a) and limited nutrient scenario (b). Modified from (Arzeno-Soltero et al., 2022).

minimum

maximum

regional
lowest

S Atlantic S Pacific S Atlantic S Pacific
$1,040/tDW  $1,620/tDW $3,600/tDW  $7,250/tDW

$340 tDW

$260/tDW

|
/tDW
3 0 500 1000 1500 2000 2500 3000

Supplementary Figure B.2 | Seaweed production and harvest cost using limited nutrient
scenario. Estimated seaweed production costs vary considerably depending on assumed costs of
farming capital, seeded lines, labor, and harvest (transport of harvested seaweed is not included).
Across limited nutrient simulations, average farming cost in the 1% of global ocean areas with
lowest cost ranges from $350/tDW (a) to $7,150/tDW (c), with a median of $1,760/tDW (b).
Regional insets (d-f) reveal small-scale features in particularly low-cost areas.
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Supplementary Figure B.3 | Annual seaweed biomass harvested. Maps show amount of
seaweed harvested annually (tDW/km2/year) from median Monte Carlo results using ambient
nutrients (a) and limited nutrients (b) in G-MACMODS [(Arzeno-Soltero et al.,, 2022)].
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# harvests
per year

Supplementary Figure B.4 | Number of harvests required to reach maximum annual yield.

Maps show number of harvests per year from median Monte Carlo results using ambient nutrients
(a) and limited nutrients (b) in G-MACMODS [(Arzeno-Soltero et al., 2022)].
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Supplementary Figure B.5 | Summary of total farming cost breakdown per kmz2. Percent of
total $/km2 seaweed farming cost for four seaweed types in ambient nutrients (left bar for each

type) and limited nutrients (right bar for each type) simulations. Note: does not include
transportation costs.
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Sinking seaweed Food
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Supplementary Figure B.6 | Net cost of potential seaweed climate benefits for limited
nutrient simulations. Costs of using farmed seaweed to sequester carbon or avoid GHG emissions
vary in space according to estimated production costs as well as spatially-explicit differences in the
costs and net emissions of transportation, sinking or conversion, and replacement of conventional
market alternatives with seaweed products. Differentiation between seaweed product groups (b-d)
is based on emissions avoided by seaweed products and market value for each product type. Maps
show costs when propagating the most optimistic assumptions (5t percentile costs) from limited
nutrient simulations. Average cost in the 1% of global ocean areas with lowest cost ranges from

$160/tC0O,-eq avoided when seaweed is used for food (b) to $1,070/tCO- avoided when seaweed is
used to produce biofuel (d).
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Sinking seaweed Food
(carbon sequestered) (GHG av0|ded)

global : P—
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Supplementary Figure B.7 | Median net cost of potential seaweed climate benefits. Costs of
using farmed seaweed to sequester carbon or avoid GHG emissions vary in space according to
estimated production costs as well as spatially-explicit differences in the costs and net emissions of
transportation, sinking or conversion, and replacement of conventional market alternatives with
seaweed products. Differentiation between seaweed product groups (b-d) is based on emissions
avoided by seaweed products and market value for each product type. Maps show median costs
from ambient nutrient simulations. Average cost in the 1% of global ocean areas with lowest cost
ranges from $220/tC0O2-eq avoided when seaweed is used for food (b) to $1,250/tCO- sequestered
by sinking seaweed (a).
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sequestration avoided ems.
preferred preferred

Supplementary Figure B.8 | Economic preference for sinking or products by location. Maps
show the average across all ambient nutrient (a) and limited nutrient (b) simulations of whether
carbon sequestration via sinking (yellow-green shades) or GHG emissions mitigation via products

(green-blue shades) is cheaper. Sequestration via sinking is generally preferred in locations farthest
from port.
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Supplementary Figure B.9 | Key cost sensitivities of seaweed production and climate benefits
forlimited nutrient simulations. Across our Monte Carlo simulations in the 2% of ocean grid cells
where costs are lowest, estimated seaweed production cost is especially sensitive to the seaweed
yield amount and seeded line cost (a), whereas costs of carbon sequestration (b) and GHG
emissions avoided (c) are strongly influenced by the fraction of seaweed carbon that corresponds
to an equivalent amount removed from the atmosphere and the assumed emissions avoided by
seaweed products, respectively, in addition to seaweed yield and seeded line cost. Panels d-f show
kernel density plots for the most important parameters in the cheapest 1% ocean areas, showing
that the lowest production and climate benefit costs depend upon seaweed yield being at or above
the median of potential seaweed yields (d), an assumed atmospheric removal fraction of >0.6-0.8
(e), and avoided emissions >2.5 tCO2-eq/tDW (f).
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Supplementary Figure B.10 | Cumulative potential climate benefits of large-scale seaweed
farming using median of cost simulations. Total GHG emissions avoided (a) or carbon
sequestered (b) each year could reach gigaton-scales if seaweed were farmed over large areas of
the ocean. Bars show the potential climate benefits as a function of the lowest-cost ocean area
(0.1% of ocean area is roughly 360,000 km?, nearly the area of Germany and 130 times the total

area of current seaweed farms), and colors indicate the average cost per tCO2-eq emissions avoided
or tCO; sequestered using median net costs from ambient nutrient simulations.

170



Product emissions avoided, Carbon sequestered,

— limited nutrients limited nutrients
>§ _—
Fe3 Median 5 Median
? a of cost ranges 3 b of cost ranges
Q 20 O 20+
O —-—
& e
o]
3 154 © 15+
° o
n 10+ c 10+
c o
o £
3 S
% 54 § 5+
= [ 3 Gt: $4201t m'“ E - ll|
S lraussioncoe | < o il
c T ]
< 0 0. 2% 0. 4% 0.6% 0.8% 1.0% 0 02% 04% 06% 0.8% 1.0%
Percent ocean area Percent ocean area
$/tCO, or
<500 600 700 >800 $/tCO-eq <2000 2,200 2,400 2,600 2,800
? = 5th percentile E, 207 d 5th percentile
0.3\l c of cost ranges 8" of cost ranges
8 O
@ 154 % 154
° @
5 3
S 10+ § 10-
o c
(2]
5 8
g 54 8 5-
£ @ antll
e 3 Gt: $70/t CO, 2 I | S900/1 00
©
: Lrorsmmoom £ L oML
c | y
< 0 0.2% 0. 4% 0.6% 0.8% 1.0% 0 02% 04% 06% 0.8% 1.0%
Percent ocean area Percent ocean area

$/1CO, or
<100 125 150 175 >200 $/tCO-eq <goO 900 1,000 >1,100

Supplementary Figure B.11 | Cumulative potential climate benefits of large-scale seaweed
farming using limited nutrient simulations. Total GHG emissions avoided (a, c) or carbon
sequestered (b, d) each year could reach gigaton-scales if seaweed were farmed over large areas of
the ocean. Bars show the potential climate benefits as a function of the lowest-cost ocean area
(0.1% of ocean area is roughly 360,000 km?, nearly the area of Germany and 130 times the total
area of current seaweed farms), and colors indicate the average cost (or profit) per tCO2-eq
emissions avoided or tCO2 sequestered using median (a, b) and optimistically low (5t percentile; c,
d) net costs from limited nutrient simulations.
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Supplementary Figure B.12 | Maps of lowest cost areas in Fig. 4. Maps show lowest-cost areas
in the cheapest 1% of seaweed growth area for carbon sequestration (a) and GHG emissions
avoided (b) in the 5t percentile of ambient nutrient simulations, with the color of shaded areas
representing the net cost per ton of CO2 or COz-eq.
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Supplementary Figure B.13 | Maps of lowest cost areas in Supplementary Fig. 11c,d. Maps
show lowest-cost areas in the cheapest 1% of seaweed growth area for carbon sequestration (a)
and GHG emissions avoided (b) in the 5t percentile of limited nutrient simulations, with the color
of shaded areas representing the net cost per ton of CO2 or CO2-eq.
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Change in cheapest 1% ocean grid cells for average $/tCO, removed via
sinking seaweed, ambient nutrients
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Supplementary Figure B.14 | Change in ambient nutrientscenario average costs of CDR (top)
and avoided emissions (bottom) with successive Monte Carlo simulations. Monte Carlo
simulation number (n) is shown on the x-axis, and the % change in the cheapest 1% ocean grid cells
average cost over the previous 100 runs is shown on the y-axis.
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Change in cheapest 1% ocean grid cells for average $/tCO, removed via
sinking seaweed, limited nutrients
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Supplementary Figure B.15 | Change inlimited nutrient scenario average costs of CDR (top)
and avoided emissions (bottom) with successive Monte Carlo simulations. Monte Carlo
simulation number (n) is shown on the x-axis, and the % change in the cheapest 1% ocean grid cells
average cost over the previous 100 runs is shown on the y-axis.
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Supplementary Figure B.16 | Schematic of model transport framework for carbon
sequestration via sinking (a) and avoided GHG emissions via products (b). Arrows indicate
direction of transport, numbers next to arrows indicate order of transport steps, and red arrows
indicate that harvested seaweed is being transported during that step.
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Supplementary Figure B.17 | Distance to port. Map shows the distance to the nearest port (km)
from every ocean grid cell, interpolated from the Global Fishing Watch Distance from Port V1
dataset [(Global Fishing Watch, 2020)].
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Supplementary Figure B.18 | Fraction of deposited carbon sequestered for 100 years. Data
from Siegel et al. (2021)(Siegel et al., 2021) interpolated to 1/12-degree grid resolution.
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Supplementary Figure B.19 | Distance to economically-optimized sinking location. Maps
show the shortest ocean distance from each seaweed growth pixel to the location at which the net
CO2 removed is maximized (incl. impacts of both increased sequestration fraction and transport
emissions for different potential sinking locations) and the net cost is minimized for median
ambient nutrient (a) and limited nutrient (b) scenarios. See Methods for detailed discussion of
calculations.
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Supplementary Figure B.20 | Fraction of deposited carbon sequestered for 100 years with
transport to optimal sinking location. After being transported to the optimal sinking location, the
fraction sequestered for that location is applied to the grid cell where the seaweed was grown. The
resulting adjusted fraction sequestered maps used in our economic calculations are shown for
median ambient nutrient (a) and limited nutrient (b) scenarios.
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Appendix C: Supplementary Information for Chapter 3

Swap Beef for Pulses
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Supplementary Figure C.1 | Net emissions from dietary substitution of beef with mass-
equivalent pulses. Contours show net emissions from beef consumption as a function of the
percentage of the total population (sorted by per-capita beef consumption on the y-axis) that
replaces some amount of beef consumption with mass-equivalent pulses (x-axis).
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