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Departments of Atmospheric Sciences & Biology

In this dissertation we make two habitability assessments of Earth’s climate. We exam-
ine first the habitability of Snowball Earth and second the habitability of Earth’s future
climate under different rates of decarbonization. In both cases, the concept of habitability
can initially be seen as an interdisciplinary link between climate science and other fields; in
using this metric, we gain insight into water-based life on Earth and on other worlds as well
as mitigation policy. At a deeper level in both cases, habitability serves as a guiding light
to illuminate other physical climate insights, in particular the power of biogeophysical and
biogeochemical surface processes that couple the atmosphere, land, and ocean in regulat-
ing Earth’s climate. Because these “surface-level” processes elicit responses across various
components of the climate system, they have an strong influence on climate feedbacks and,

as a result, the resilience or sensitivity of Earth’s climate to extreme radiative changes.

In Chapter 2, we examine the influence of land surface albedo on habitability as it
concerns eukaryotic, photosynthetic algae. We find that by regulating the flux of energy to
the Earth system and, by extension, regulating the potential flux of water to the atmosphere,
bare land surface albedo exerts a stronger control on habitability of likely refugia than the
radiative influence of CO4 concentration.

In Chapters 3 and 4, we investigate how the cycling of carbon among the atmosphere,

land, and ocean, as determined explicitly by carbon cycle model structure and implicit model



assumptions about how carbon is fluxed across carbon pools, influences the habitability of
future Earth for human populations.

In Chapter 3, we examine four simple climate models that represent the terrestrial and
ocean carbon cycles differently. We test the models’ responses to a variety of increasing
and decreasing COq emissions and find that the models behave similarly in an increasing-
emissions regime and diverge in their response to decreasing emissions. We quantify how
those differences in response to decarbonization change implied necessary mitigation policy
through changes to the Remaining Carbon Budget (RCB).

In Chapter 4, we explore which aspects of modeled global biogeochemistry exert the
strongest influence on the climate response to decarbonization. To do this, we compare two
representations of the carbon cycle, selected from Chapter 3’s intercomparison, and per-
form a comparison using a set of perturbed parameter ensembles. We find that differences
in carbon cycle model structure lead to differences in the long-term carbon sinks but do not
explain differences in climate response to decarbonization. This disconnect between carbon
cycle modeling choices and climate response reflects a structural disconnect between carbon
cycling and energy balance. To account for the role ocean circulation plays in both systems,
we add a link between the two components and consequently change the coupling within
the energy balance component and the carbon cycle component. This structural connec-
tion assumes different trade-offs in the observed carbon-climate system, leading to different
behavior both in an increasing-emissions and decreasing-emissions regime. In particular,
when we assume that exchange of heat to the deep ocean is linked to ocean circulation and
thus the oceanic uptake of carbon, we find that in order to match present day observations
of temperature and COq the climate must warm more per unit of forcing, resulting in a
smaller RCB.

These insights refine our understanding of how the atmosphere, biosphere, and hydro-
sphere are connected and have important consequences for how we represent their coupling

in complex and simple climate models for other applications.
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Chapter 1

INTRODUCTION

1.1 Climate models as tools and methodologies

Global climate models are a critical class of tools for exploring unobservable climate states,
including paleoclimate and future climate, based on our knowledge of the Earth system. By
modeling these unobservable states, we can also identify fundamental behaviors of the Earth
system. This effort allows us to demarcate the limits of our knowledge by identifying which
elements of the observable climate exert the strongest influence over the predictability of key
climate metrics, such as habitability. We can gain insight not only from identifying those
elements and describing how further measurements could increase our total understanding
but also by building an awareness of how our characterization of the Earth system in models
reflects how we interact with the climate system. This can be done by using different kinds of
models or different configurations in our simulations of different climate settings to identify
which aspects of the Earth system (and their connections) have the greatest impact.

In this dissertation, I examine habitability as the climate state of interest, and define
two thresholds of habitability, one for past climate and one for future climate. The first has
direct implications for understanding the history of life on Earth as well as understanding the
possibility of Earth-like life elsewhere in the universe, and the second has direct immediate
implications for human decisions in response to anthropogenic climate change. Both studies
reveal limitations in our knowledge of the observable world, which, if pursued, would close
the gap in what we can and cannot say about these unobservable worlds. In short, the
dialectic of models and observations can be used to build knowledge about climates removed
by time and space.

In both of our climate settings, Snowball Earth and future climate, the behavior of
processes at the interface between Earth systems — atmosphere, ocean, and land — that is,

processes at the surface, where water, energy, and carbon are exchanged and where biogeo-



chemical and biophysical feedbacks take place, exert a strong influence on their habitability.
This “surface-level” weakness may reflect real-world obstacles that disciplinary boundaries
impose as well as the potential leaps that intentionally cross-disciplinary research projects

promise.

1.2 Habitability as a theme and a metric

In this dissertation, I have tried to approach a central question: how do the biogeochemical
and biogeophysical processes that regulate land-atmosphere coupling define our understand-
ing of habitability? While habitability might seem like an arbitrary metric with which to
measure our and other climate systems, habitability has a rich history as the framing for
many fundamental research questions in Earth Sciences, beginning with arguably the first
work of popular science, Entretiens sur la Pluralité des Mondes or Conversations on the
Plurality of Worlds by Bernard le Bovier de Fontenelle, written in 1686, which describes the
leading theory of astrophysics at the time as well as the climates of various bodies in the
Solar System (including Venus, Jupiter, Mars, and the Moon), primarily through the lens
of what the inhabitants would experience and how they would appear, given their climates
(Fontenelle, 1686).

Fontenelle engages the reader with the theme of habitability to illustrate a heliocentric
view of the Solar System less than 50 years after the death of Galileo. It has since been
argued that Fontenelle chose this narrative construction (and published in French, which
was more accessible to non-academic audiences than Latin) not only to appeal to women
readers but also to appeal more broadly to academic audiences and avoid any potential
tension with the still scientifically radical contents of his work (Ait-Touati and Emanuel,
2011).

The format of Entretiens is a narration of six consecutive evening strolls in which a
natural philosopher describes the workings of universe to a young and curious marquise,
and through their didactic conversations, the climates of the various planets are described,
most notably through the framing of what the inhabitants of those worlds would experience
as well as what the characteristics of those beings would be, as a result of their climates.

The work has a strong legacy in astrobiology, and it illustrates the power of the question



of “habitability” as a beacon that can be used to reveal and engage important research
questions across the physical sciences from paleoclimate to climate change.
In this dissertation, I hope to continue Fontenelle’s narrative legacy by exploring two

stories of Earth’s habitability that illuminate important aspects of our climate system.

Assessing Snowball Farth habitability

In the context of Snowball Earth, we ask whether early photosynthetic life could survive
on the surface and what influences the answer the most. Our definition of habitability is
based on known characteristics of life on Earth and partially motivated by the search for
life on other planets, which requires liquid water to be present and on the surface (since any
detection of life could only be made at the surface). Since evidence exists of surface-dwelling
photosynthetic, eukaryotic algae prior to Snowball Earth, the mystery arises: how could life
have survived a period when global mean surface temperature was significantly below zero,

and what is the mechanism by which local temperature could have exceeded this threshold.

Assessing future climate habitability

While the concept of habitability has often been applied to exoplanets and past Earth
climates, perhaps the most prescient application at the moment is its application to Earth’s
climate under anthropogenic emissions of CO9 and other heat-trapping gases.

In this context, we can define habitability of the Earth system through the lens of the
risks to global ecosystems and human health and well-being that anthropogenic climate
change poses. In its Special Report on Global Warming of 1.5°C, the IPCC found that
limiting global warming to below 1.5°C above pre-Industrial levels is critical because of
the risks this level of warming poses to a host of natural and human systems including
species disruption and loss in terrestrial, wetland, and ocean ecosystems, as well as loss of
the environmental services those systems provide, extreme weather risk such as drought,
extreme precipitation, and extreme heat, increased vulnerability to food insecurity, vector-
borne diseases, poverty, and climate-driven displacement due to sea level rise and other

climate change-driven impacts (SR1.5, 2018).



As a global collective, through the international Paris Agreement and other decarboniza-
tion pledges, nations and companies are now attempting to rapidly reduce to anthropogenic
COs emissions to net- or near-zero, but uncertainty still surrounds the amount of COq that
can be safely emitted and the related immediacy of the reductions needed (IPCC SR1.5,
2018; Rogelj et al., 2019). As public and private actors begin to scope decarbonization
pathways, simplified models of the climate system are increasingly used to toe this line of
decarbonization (IPCC Working Group I, 2021c; Sanderson et al., 2023). In Chapter 3,
we ask whether these simplified representations of the climate system agree the reductions
necessary to maintain habitability. We further explore how structural distinctions between
models leads to differing climate outcomes. We seek to identify which aspects of these sim-
plified models have the strongest influence on the relationship between remaining emissions
and remaining warming and whether that influence reflects our complete understanding of
the climate system.

While in each climate setting we define habitability differently, in both cases, “habitabil-
ity” serves as a way to apply our understanding of the Earth system to wider disciplinary
questions. In the case of Snowball Earth, understanding the habitability of the Snowball
Earth climate not only expands our understanding of life on Earth, but it also allows us
to expand our definition of habitability for exoplanets. In the case of future climate, un-
derstanding which processes determine total warming from anthropogenic climate change

allow us to set informed mitigation targets.
1.3 Influence of biogeophysical coupling on habitability of Snowball Earth

The biogeophysical coupling between land and climate can cause changes in land proper-
ties such as surface albedo, evaporative resistance, surface roughness and other aspects of
modern vegetation that influence water and energy fluxes, to be affected by and influence
climate (Lagué et al., 2019; Bonan, 2015). The importance of interactivity between surface
properties has been shown in simple conceptual models such as Daisyworld (Watson and
Lovelock, 1983), which was used to demonstrate the plausibility of the Gaia Hypothesis
(Lovelock, 1986; Wood et al., 2008). The importance of biogeophysical feedbacks has also

been shown in global climate models: coupling a land surface model with an interactive



atmosphere yields larger temperature changes in response to changes in land surface prop-
erties, as well as different patterns in the climate response, than the same change in an
uncoupled configuration, in which feedbacks are suppressed (Lagué et al., 2019). Boreal
ecosystems in particular exhibit sensitivities to this coupling because of differences between
the boreal forest and tundra in surface albedo, surface roughness (which alters the effect of
snow), and the partitioning of energy between latent and sensible heat. For this reason, the
spatial distribution of boreal forest is an important regulator of global climate (Bonan et al.,
1995; Swann et al., 2010). In my Master’s work, I showed that biogeophysical feedbacks in
the boreal region can alter habitats and ecosystems over time by modeling the emergence
of a new biome can influence neighboring ecosystems through their influence on regional
climate (Shum et al., 2023). As a result, while they are a challenge to characterize given
the uncertainty of past land surface types, biophysical feedbacks are key to include when
assessing local climate in a paleoclimate context.

Earth system models, such as the Community Earth System Model (CESM) offer ex-
citing opportunities to study worlds that would be greatly influenced by the inclusion of
biogeophysical coupling between land and atmosphere, such as Snowball Earth. As in the
modern boreal region, the contrast between snow-covered and snow-free land is stark.

In Chapter 2, we use an idealized land surface model called the Simple Land Interface
Model (SLIM) (Lagué et al., 2019), which allows us to test the influence of land surface
albedo on habitability. Using SLIM allows us to modify properties of the land surface
in isolation, whereas modifying a land cover type in a more realistic land model might
change two properties at the same time. By modifying land surface albedo in isolation, we
can attribute any changes in climate directly to the radiative changes and accompanying
biogeophysical feedbacks it kicks off.

Moreover, modeling Snowball Earth habitability not only adds context to early life
on Earth, but also enhances our understanding of exoplanet habitability. In this context,
habitability can be defined as hosting liquid water on the surface. The TRAPPIST-1 system,
for example, is composed of a cool red dwarf star hosting seven approximately Earth-sized
and Earth-density planets (Agol et al., 2021). Several planets lie within or just outside
of the habitable zone; TRAPPIST-1e in particular has the strongest likelihood of hosting



liquid water despite having a equilibrium temperature several degrees below Earth’s. Due
to a lack of knowledge of their surface, modeling studies that have been conducted to assess
the TRAPPIST planets’ habitability use exclusively aquaplanet climates and are unable
to include any representations of land or land-atmosphere feedbacks (Wolf, 2017; Sergeev
et al., 2022). While the changes we make through atmospheric COy and bare land albedo
do not drastically shift global mean surface temperature, they do alter local climate in ways
that could drastically shift habitability of the planets, suggesting that even the planets with

very cold global mean surface temperatures could possibly host life.

1.4 Influence of biogeochemical coupling on future habitability with decar-
bonization

The cycling of chemical species, including greenhouse gases, between the biosphere, geo-
sphere, and atmosphere is also regulated by processes at the surface.

On land, carbon is taken up from the atmosphere into the terrestrial biosphere through
gross primary production (GPP) and returned to the atmosphere through plant respiration
as well as decomposition, which together sum to the net uptake by the terrestrial bio-
sphere, or net ecosystem production (NEP). In response to anthropogenic changes to the
carbon cycle-climate system, the total net land—atmosphere flux balances land-use emissions
from human management of ecosystems and changes to the land sink as a result of global
environmental changes including higher atmospheric CO2 burden, warming from climate
change, and increased nitrogen deposition, all of which influence the biological processes
that regulate the exchange of carbon (as well as water and energy). The total response
of the terrestrial carbon-climate system to anthropogenic emissions-driven and ultimately
the future land sink is largely in the hands of biological feedbacks to these changes, in-
cluding CO fertilization (increased GPP in response to increased COz) and climate-driven
feedbacks (including increased respiration at higher temperatures).

By contrast, uptake of anthropogenic carbon from the atmosphere by the ocean reservoir
is regulated by physical processes that modulate air-sea CO2 exchange at the ocean surface
as well as chemical and circulation feedbacks that regulate the transport of that carbon from

surface to depth, though new evidence suggests that previously held assumptions about the



separation between anthropogenic and natural carbon cycling may no longer hold. Since
biology plays a key part in natural ocean uptake of COq, until recently, the ocean’s response
to anthropogenic emissions was not considered sensitive to the operation of the biological
carbon pump, which was assumed to be effectively in steady-state (Sarmiento and Gruber,
2006). However, new evidence suggests that the sensitivity of natural carbon ocean fluxes
to forcing may be high (Gruber et al., 2023) and small changes to remineralization depth
may lead have important consequences for future atmospheric COy (Kwon et al., 2009).
In general, total uncertainty in carbon uptake by the land and ocean sinks is dominated
by biological processes on land and physical process in the ocean. For this reason, in Chapter
4, we test the sensitivity of Simple Climate Models, or SCMs to parameters that regulate
biological processes at the land surface and physical processes that regulate carbon exchange

at the ocean surface.

1.5 Importance of identifying and quantifying structural assumptions within
Simple Climate Models

In Chapters 3 and 4 we focus our attention on SCMs because of their critical role in setting
and maintaining a global Remaining Carbon Budget (RCB). Biogeochemical processes in
ESMs are represented with increasing complexity and remain poorly constrained (Seiler
et al., 2022). Until this point, various significant challenges have prevented modeling centers
from running coordinated mitigation scenarios in emissions-driven mode (e.g., not many
models included biogeochemistry until recently; the computation burden of spinning up
the carbon cycles can be significant; and past emissions are more uncertain than past COq
concentration).

As a consequence, mitigation decision-making has come to (perhaps unwittingly) rely
heavily on simple models of the carbon cycle to determine decarbonization pathways (IPCC
Working Group II, 2022). The added accessibility of SCMs in contrast ESMs elevates SCMs
and intermediate-complexity models as tools for climate policy and as well as research
direction scoping for ESMs and MIPs, as discussed in Chapter 4.

Since SCMs are charged with reproducing the general behavior of ESMs (in their evo-

lution of temperature and atmospheric CO2), it is important to characterize exactly how



changes to biogeochemical cycling within these models affects predictions for total carbon
sink strength, and how that could shift our expectation for future habitability. Specifically,
in tuning SCMs to ESM output, parameters combinations can be found that match obser-
vations of historical emissions and concentrations. What remains unclear is whether the
processes these parameters represent reflect realistic biogeochemical functioning in ESMs.
In order to fully answer this question, it will be necessary to sample across multiple re-
alizations of emissions-driven ESM simulations of decarbonization; however, in the absence
of these simulations, we can explore potential trade-offs that occur in the process of con-
straining SCM ensembles to the historical record, setting the stage for future process-driven

validation by ESMs.
1.6 Choosing simplicity amid the complexity of habitability

In both cases, we attempt to assess what controls global habitability. However, habitability
is complex. In reality, the survival of life on Snowball Earth or other icy worlds is an
outcome of much finer-scale processes than what we resolve. Even sea glacier dynamics
play a critical role in the mechanics of the refugia we propose, yet we do not resolve them
in our model experiments. Future climate habitability will largely be a function of how
localities adapt to their unique climate impacts. Still, global-scale physical science-based
assessments serve as critical points of engagement where local mitigation pathways intersect
(Horton et al., 2021), and our Snowball habitability assessment can be easily used to refine
future model simulations of Snowball Earth.

While simplicity will always come at the expense of realism, in these two cases, a simpler
experimental design leads to conclusions that are more generalizable. Surface albedo may
widen the margin of climate habitability enough to move an exoplanet from uninhabitable
to a possible characterization target. And connecting carbon-climate processes may shift

some mitigation pathways from optimistic to optimal.



Chapter 2

OCEAN BAYS SURROUNDED BY DESERT LAND COULD
SUPPORT PHOTOSYNTHETIC LIFE ON SNOWBALL EARTH

(This chapter has been submitted for publication to AGU Advances as Shum, Greta
Enid Marie, M. M. Lagué, A. L. S. Swann, C. M. Bitz, E. D. Waddington, S. G. Warren

(2024). Ocean bays surrounded by desert land could support life on Snowball Earth.)

Abstract

Photosynthetic eukaryotic algae survived the Neoproterozoic Snowball Earth events, indi-
cating that liquid-water refugia existed somewhere on the surface. We examine the potential
for refugia at the coldest time of a snowball event, before CO2 had risen and with high-
albedo ice on the frozen ocean, before it became darkened by dust deposition. We use the
Community Earth System Model to simulate a “modern” Snowball Earth (i.e., with conti-
nents in their current configuration), in which the ocean surface has frozen to the equator
as “sea glaciers”, hundreds of meters thick, flowing like ice shelves. Despite global mean
surface temperatures below -60°C, some areas of the land surface reach above-freezing tem-
peratures because they are darker than the ice-covered ocean. With low CO2 (10 ppm)
and land-surface albedo 0.4 (characteristic of bright sand-deserts), 0.1 percent of the land
surface could host liquid water seasonally; this increases to 12 percent for darker land of
albedo 0.2, characteristic of polar deserts. Narrow bays intruding from the ocean to these
locations (such as the modern Red Sea) could provide a water source protected from sea-
glacier invasion, where photosynthetic life could survive. The abundance of potential refugia
increases more strongly in response to reducing the land albedo than to increasing the COq,

for the same global radiative forcing.
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2.1 Introduction

On Earth and Earth-like worlds, a large negative radiative forcing can initiate a positive
ice-albedo feedback and ultimately lead to global glaciation (Budyko, 1969; Sellers, 1969).
Geologic evidence indicates that the Earth has experienced several such events since the
emergence of life (Harland, 1964; Kirschvink, 1992; Hoffman et al., 2017; Evans, 2000).
These events were likely caused by a reduction of the atmospheric greenhouse effect, re-
sulting from disturbance of the global carbon cycle (Hoffman et al., 2017). During the
Neoproterozoic era (600-800 Ma), two “Snowball Earth” events occurred: the Sturtian,
with a duration of 58 million years, and the Marinoan, with a duration of 10 million years
(Macdonald et al., 2010). The oceans would likely have been covered by ice hundreds of
meters thick, but photosynthetic eukaryotic algae were able to survive (Porter, 2004; Knoll,
2011, 2014), indicating that some liquid water was maintained at or near the surface where
light was available for photosynthesis.

In this paper, we focus on the “hard” Snowball Earth, in which the equatorial ocean
would be covered by thick ice. That ice differed in several ways from sea ice on the polar
oceans of modern Earth. Modern sea-ice thickness is limited to a few meters by summertime
melting and by a heat flux Fj of several watts per square meter from the ocean water below,
which originally gained its heat by absorption of solar energy at lower latitudes.

But at the onset of a snowball event, when sea ice reached the equator it would shut
off solar heating of the ocean water below. After a few thousand years, the ocean would
have lost its reservoir of heat, leaving only geothermal heat, Fy ~ 0.08 W m™2 (about one-
hundredth that of the modern oceanic flux Fj to the ice bottom), increasing the equilibrium
ice thickness from a few meters to a few hundred meters (Warren et al., 2002).

The geothermal flux is essentially independent of latitude, but the ice surface on the
snowball ocean would be colder at high latitude than at low latitude, resulting in thicker ice
at higher latitude. The latitudinal thickness gradient would cause the ice to flow (Goodman
and Pierrehumbert, 2003). In this state, the thick ice on the frozen ocean would be growing
from above by snowfall (the original sea ice having melted off the bottom), and therefore can

be classified as glacier ice rather than sea ice. This ice, flowing like the modern Antarctic ice
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shelves but not dependent on continental glaciation, is called a sea glacier (Warren et al.,

2002). Sea glaciers are computed to flow as much as 7-50 meters per year even when they

cover the entire ocean (Goodman, 2006; Li and Pierrehumbert, 2011). If a small area of the

ocean were to open up, it would be quickly filled by inflow of the sea glacier. How, then,

could liquid water be maintained at the surface? Several hypotheses for refugia have been

proposed, which we now list.

2.1.1

Types of proposed refugia

Five ideas have been proposed for liquid-water refugia at the ocean surface.

(a)

()

Hotspots. Hoffman and Schrag (2000, 2002) noted that geological hotspots at the
ocean floor under shallow water, as occur near the coasts of Hawaii and Iceland, would
melt inflowing ice fast enough to maintain pools of liquid seawater. These pools would
be small in area, and would not be stable for millions of years, so any life would have

to survive many long and deep migrations.

Thin ice. McKay (2000), using a broadband model for solar radiation, proposed that
absorption of sunlight within the ice might be able to limit the tropical ice thickness to
10 m. Warren et al. (2002) pointed out that the visible and ultraviolet wavelengths,
which penetrate deeply, are not absorbed but eventually are scattered back out to
space, whereas the near-infrared wavelengths, which are indeed absorbed, are absorbed
in the top few millimeters, so their heat is easily conducted up to the atmosphere. By
modifying McKay’s model to compute the radiation spectrally, Warren et al. found
that the equilibrium ice thickness in a typical example grew from 1 m to 800 m.
McKay joined as a coauthor on that paper, agreeing that the thin-ice solution was not
viable. Pollard and Kasting (2005) tried to find a thin-ice solution that would even
hold off sea glaciers, and succeeded only when three parameters were pushed beyond
their acceptable limits (Warren and Brandt, 2006). An improved model (Pollard et al.,

2017) convincingly rejected the thin-ice solution.

Waterbelt. Some models of snowball initiation have found that sea ice could reach
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the outer tropics but still leave a wide belt of open water centered on the equator,
spanning tens of degrees of latitude and circling the globe, if the sea-ice (or sea-glacier)
albedo is low enough. Abbot, Voigt, and Koll (2011) found that this “waterbelt”
state could exist with sea-glacier albedo of 0.45 but is inaccessible for sea-glacier
albedo > 0.55. Dadic et al.’s (2013) measurements of modern surrogates for sea-glacier
surfaces found albedos 0.57 — 0.80 under clear sky, and even higher under cloudy sky,
arguing against the waterbelt idea. A follow-on investigation by Voigt’s group (Braun
et al., 2022) found the waterbelt to be unviable, even with sea-glacier albedo as low
as 0.45. Most recently, Horner and Voigt (2023) showed that the waterbelt in earlier

models resulted from inadequate vertical resolution in the sea ice.

Ice surface. Vincent and Howard-Williams (2000) and Vincent et al. (2000) suggested
that microbial life could survive on the ice surface of Snowball Earth, pointing to the
widespread microbial communities that thrive both in surface meltwater pools and
in brine pockets, on modern Arctic and Antarctic sea ice and ice shelves. These
communities can persist even if only a few days per year have temperatures above
freezing. Such communities could indeed have been active during the rapid advance
of sea ice at the onset of Snowball Earth. But after the ice reaches the equator,
the strong positive albedo-temperature feedback causes dramatic cooling. An early
general circulation model (GCM) of the hard snowball by Pollard and Kasting (2004)
obtained a global average surface temperature of —49°C. The warmest temperature
on the ocean surface was found on a summer afternoon in the subtropics, ~ —30°C,
which seemed to rule out any surface life. However, we will see below that Vincent’s
proposal can be resurrected if it is considered in combination with the next proposed

refugium e.

Narrow bay. One place where ocean water could be safe from sea-glacier inflow is at
the innermost end of a narrow bay resulting from continental rifting, like the modern
Red Sea. When flowing into a narrow bay, nearly enclosed by dry land, ice flow can be

slowed by resistive shear stresses from the side-walls, and by obstacles such as islands,
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shoals, or narrows in the bay. If the bay is long enough and the sublimation rate is
high enough, the ice thickness can taper down to zero before the end of the bay is
reached (Campbell et al., 2011, 2014). If ocean-sourced water flowing under the ice
can find its way to the end of the narrow bay, it could provide a refugium safe from
sea glaciers. If the surrounding land is net-evaporative (i.e., potential sublimation
outpaces precipitation, as in deserts), this place would be safe from land glaciers as

well.

Refugia in narrow bays would be larger than the isolated geothermal hotspots around
volcanic islands, and would have long lifetimes, similar to timescales of continental
drift. But even if the end of the bay is safe from sea-glacier inflow, there is the risk
that the climate might still be so cold that thick sea ice would grow locally. Such
a refugium would be feasible only if local temperatures reach above freezing, which
could occur because the albedo of nearby bare land surfaces would be lower than that
of the ice-covered ocean. Land surfaces during the Snowball Earth events were not
vegetated: possible snow-free surfaces would be bare rock, bare soil, and sand. Most
of them are brighter than vegetated land, but with albedos 0.1-0.4 they are much
darker than ice or snow. To evaluate the feasibility of this refugium, climate modeling

is needed, and that is the subject of this paper.

2.2 Investigation of the narrow bay refugium

Given the high uncertainty of Neoproteorozoic paleocontinental reconstructions, for this
investigation we apply an earth-system model to the modern continental configuration. This
approach has been used in prior investigations, called “modern Snowball Earth” (Voigt and
Marotzke, 2010; Liu et al., 2018). It has the advantage of familiar geography, allowing
comparisons of atmospheric circulation and climate with the familiar regional climates of
the present. We take the modern continental configuration as a representative arrangement
of continents of various size and shape, scattered across a range of latitudes.

As potential refugia, in addition to nearly-enclosed seas such as the Red Sea and Mediter-

ranean, we also seek locations on land where the local temperature exceeds the freezing point
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of seawater at least once during the year; i.e. Tpax > —2°C. With the right coastline geom-
etry in a paleocontinental configuration (to allow for ocean-water access), these locations
would be potential oases for photosynthetic eukaryotes.

Continental positioning itself is uncertain, and coastline geometry of the Neoproterozoic
is even more uncertain. The period was tectonically active, and thus we make an explicit
assumption that narrow bays are likely to have occurred and therefore seasonally above-
freezing temperatures on land in our “modern Snowball Earth” allow for potential refugia
even if these areas are not currently near a modern narrow bay. Additionally, many narrow
bays would be smaller than the resolution of a typical global Earth System Model; thus,
we focus on land surface temperatures as an indicator of possible refugia. To investigate
whether life could survive the harshest conditions of the Snowball climate, in this paper
we test the hypothesis that above-freezing land temperatures can exist in an Earth System
Model in the “hard” Snowball Earth limit, in which even the tropical oceans are covered
by ice hundreds of meters thick (no waterbelt).

The name “snowball” is somewhat misleading, in that the ocean was not entirely snow-
covered. On the modern Earth, evaporation (E) exceeds precipitation (P) over nearly half
the ocean, mostly in the subtropics. A large region of negative P E would also have existed
on the Snowball Earth, according to general circulation models, although the hydrological
cycle was probably weakened by a factor of ~ 30 (Pollard and Kasting, 2004). At high and
middle latitudes the sea glaciers would have been covered by thick snow. But as sea glaciers
flowed equatorward into the tropical region of net sublimation, their surface snow (albedo
~ 0.8) would sublimate away, exposing old snow (“firn”, albedo ~ 0.7). Then the firn would
likewise sublimate away, exposing bare glacier ice (albedo ~ 0.6) to the atmosphere and to
solar radiation. These albedos were measured on modern surrogates in the Allan Hills of
East Antarctica: firn and glacier ice exposed by sublimation, which have never experienced
melting (Figure 2.1 and Table 2.1) (Dadic et al., 2013).

In our modeling we do not attempt to simulate the regional evolution of ocean surfaces
from snow, through firn, to glacier ice, as the sea glaciers flow equatorward. Instead,
everywhere that the ocean is not snow-covered, we assign its albedo to that of firn, thus

biasing the global climate to a cold extreme and exaggerating the difficulty of maintaining



15

0.8 -

0.6

Albedo

0.4 +

polar desert

0.2 -

0.0

-7t 1~ r1r 11 +T1 11T 171
02 04 06 08 10 12 14 16 18 20 22 24
Wavelength (um)

Figure 2.1: Spectral albedos of representative surface types. Cold fine-grained snow was
measured at Dome C on the East Antarctic Plateau (Figure 6 of Hudson et al., 2006). Firn
was measured just upstream of the Allan Hills blue-ice field in East Antarctica (Site R9
of Dadic et al., 2013). Glacier ice is from the Allan Hills blue-ice field (Site R1 of Dadic
et al., 2013). These firn and ice sites can represent sea-glacier surfaces on Snowball Earth
because they were originally formed by snow accumulation and exposed by sublimation,
never having experienced melting. The ”polar desert” site is an unvegetated surface of soil
and stones in northeast Greenland (photograph shown in Figure 6 of Boggild et al., 2010).
For the “polar desert” surface, albedo measurements were not possible from 1.35 to 1.45
pm, and from 1.75 to 2.05 um, because the incident solar radiation flux was near zero at
these wavelengths due to atmospheric water-vapor absorption; the dashed lines interpolate

across these regions.
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Surface type Albedo Reference

0.3-0.7 pm | 0.7-3.0 pm | 0.3-3.0 pm

(UV, (near-IR) (total solar;

Visible) broadband
Snow 0.98 0.68 0.83 Hudson et al. (2006),

Grenfell et al. (1994)

Firn 0.94 0.44 0.69 Dadic et al. (2013)
Glacier ice 0.89 0.26 0.58 Dadic et al. (2013)
Polar desert (gravel | 0.13 0.21 0.17 Boggild et al. (2010)
and soil of northeast
Greenland)
Sand desert (Arabia) 0.40 Smith (1986)
Stony desert (Gobi) 0.10-0.15 Abell et al. (2020a,b)

Table 2.1: Band-albedos of representative snow, ice, and land surfaces. The spectral albedos

for four of these surface types are shown in Figure 2.1.
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refugia. We then investigate how the albedo of bare land surfaces, and the atmospheric
COg level, influence the potential habitability of a snowball climate. We test a range of
COg levels from 10 to 200 ppm and a range of uniform surface albedos for bare land from
0.2 to 0.4, using a climate model with the modern continental configuration.

During a snowball event, volcanic CO5 accumulates in the atmosphere because its re-
moval mechanisms (dissolving in rainwater and reacting with surface rocks) are suppressed.
As the climate warmed with rising atmospheric COy during the progression of a snowball
event, refugia would have become more widespread. In addition, wind-erosion of bare land
would have lifted dust that could accumulate on the ice, lowering its albedo, leading to
additional potential mechanisms for refugia. Here we instead focus on the most extreme
bottleneck of the cold early phase of a snowball event, the most critical time for survival of

surface life.

2.3 Methods

2.3.1 FExperimental Design

We use a modified version of the Community Earth System Model, version 2.1.0 (Dan-
abasoglu et al., 2020), with the Simple Land Interface Model (SLIM) (Lagué et al., 2019)
coupled to the Community Atmosphere Model, version 4 (CAM4) (Neale et al., 2010), the
Los Alamos sea ice model CICE5 (Hunke et al., 2015) in its thermodynamic-only mode (Bitz
and Lipscomb, 1999), and a slab ocean model (SOM) (Bitz et al., 2012). Ocean heat flux
convergence is set to zero everywhere, and sea surface temperatures are allowed to evolve.
Simulations are run at a nominal 2° resolution.

SLIM is an idealized land model, designed for assessing the interactive roles of discrete
land properties (e.g. bare-ground albedo, evaporative resistance, heat capacity of the soil,
etc.); using it allows us to directly assess the climate response of specified land-surface
albedos. Heat diffusion in the model is represented on a vertical soil grid that is separate
from the water budget. Hydrology is represented using a simple bucket model that combines
a user-specified “lid” resistance with a resistance related to the fill level of the water bucket.

Snow can accumulate on the surface, and can be removed by sublimation to the atmosphere
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or melting into the land. The model solves a linearized surface energy budget to calculate
surface temperature, surface fluxes of radiation, turbulent heat fluxes, and ground heat
storage.

When snow falls on the surface of land or sea ice, it masks the albedo of the underlying
surface. On land, snow masks the albedo of bare ground when it exceeds a mass of 10
kg/m2 liquid-equivalent (about 3 to 10 cm of snow, for typical snow densities 0.1-0.3 g cm-
3). Land-surface models for the modern Earth normally use a larger snow-masking depth
because of the presence of grass, bushes, and trees, but these plants did not appear until
long after the Neoproterozoic snowball events.

In the midlatitudes and polar regions of a snowball climate, kilometer-thick ice sheets
covering the oceans would accumulate, thicken, and flow like modern ice shelves towards
thinner regions of net-sublimation as “sea glaciers” (Goodman and Pierrehumbert, 2003). It
would therefore be glacier ice, not sea ice, that would cover the ocean surface in a snowball
climate after the initial global freezing had taken place, and would have albedos ranging
from that of snow in areas of snow accumulation to exposed firn and finally bare glacier ice
in regions of net sublimation (Figure 2.1 and Table 2.1). Rather than predicting the detailed
state of ice surface conditions, which is typical in CICE5, for simplicity we revert back to
the CCSM3 shortwave radiative transfer formulation. This option allows us to prescribe
“sea-ice” surface albedos. For bare (snow-free) ice we set visible and near-infrared band
albedos to values appropriate for firn, so as to bias the global climate to its cold extreme.
As snow accumulates, snow masks the bare ice, and the band albedos transition to values
appropriate for snow (Table 2.1).

In all simulations, sea ice is initialized with 100% concentration and 20 m thick in
all ocean gridcells. Sea ice rapidly grows thicker, but would take thousands of years to
reach an equilibrium. We do not expect sea ice ever to reach an equilibrium thickness
in our simulations even if we extended them, since geothermal heating is not represented;
that heat source would be necessary to limit the freezing of seawater to the base of thick
ice (McKay, 2000; Warren et al., 2002; Goodman and Pierrehumbert, 2003). Our surface
temperatures could be seen as too warm. For example, if the model ice thickness is only 50

m but in equilibrium would be > 500 m, there is an excessive conductive heat flux of 1.4
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Wm2 upward through the ice, causing the surface temperature to be too high by ~0.5 K.

Over Earth’s history, the Sun has brightened by about 1% every 100 million years, so
at 600 Ma the solar constant was ~94% of its present value (Crowley and Baum, 1993).
That value, 94%, has been used to initiate the snowball state in models with Neoproterozoic
continents clustered at low latitude. The low-latitude land facilitates snowball initiation in
those models, because the albedo of bare land (0.2-0.4) exceeds that of open ocean (0.07).
For a “modern” Snowball Earth, with most of the continental area at middle or high latitude,
a lower solar constant, about 91%, is needed to initiate the snowball (Voigt and Marotzke,
2010), and that is the value we use for this work.

In models, the critical COg level required for snowball onset depends on several modeling
choices: sea-ice dynamics (Lewis and Eby, 2006; Voigt and Abbot, 2012), land topography
(Liu et al., 2018), continental configuration (Liu et al., 2013), mountains (Walsh et al.,
2019), atmospheric dust (Liu et al., 2020, 2021), and cloud radiative forcing (Voigt and
Marotzke, 2010). In prior work, modeled snowball climates have been initiated at COq
mixing ratios as low as 2 ppm (Voigt and Abbot, 2012) and as high as 600 ppm (Liu et al.,
2017) but generally fall between 50 and 300 ppm, with exact values dependent on the ice
coverage on sea and land, the solar constant, and the land area (Schrag et al., 2002; Yang
et al., 2012). For the coldest early stage of a snowball event, we therefore specify a variety
of COg levels, along with several choices for the albedo of snow-free land, and examine the
resulting climatic patterns.

For initiation of the snowball state, we set the CO9 mixing ratio to 100 ppm, and the
albedo of snow-free land to a broadband value of 0.4. The albedo of bare land (rocks or
soil) increases with wavelength across the solar spectrum from the ultraviolet (UV) to the
infrared (IR) (Figure 2.1). We specify the albedo in two bands: 0.3 in the UV and visible
(wavelengths 0.3-0.7 pm), and 0.5 in the near-IR (wavelengths 0.7-5.0 pum). Under these
conditions, our initial simulation establishes the conditions necessary to maintain a frozen
ocean in approximately 20 years. We run the initiation simulation for a total of 100 years
to ensure that the frozen-ocean state is not transient, and that the atmosphere is in steady
state. Based on these conditions sufficient to generate a snowball climate, further runs are

initialized with a fully ice-covered ocean to test the sensitivity of surface temperatures to
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variations in bare-land surface albedo and atmospheric CO2 concentration (details below).

We run the model at the global scale and thus do not resolve the fine-scale dynamics
of a sea glacier invading a bay. As described above, we assume that if a land gridcell
experiences a monthly average surface temperature that exceeds the melting point, that
gridcell could potentially support liquid water if a narrow arm of the sea were to reach it in
a paleocontinental configuration, thus rendering it a potential refugium for photosynthetic

life.

2.8.2 Sampling across a range of atmospheric COg concentrations and land albedos

In the absence of land plants, which break up stones into sand or silt with higher albedo,
the Neoproterozoic land surface was probably darker than modern deserts (the fossil record
suggests that land plants did not evolve until 461-472 Ma (Kenrick et al., 2012; Morris
et al., 2018)). The highest broadband albedo for modern deserts is 0.40 for the fine sand
of the Arabian Empty Quarter (Smith, 1986); the lowest albedo is 0.10-0.15 for the stony
desert of the western Gobi (Abell et al., 2020a; Figure S1 of Abell et al., 2020b). Within this
range, we test five different sets of snow-free land albedo values, listed here from brightest to
darkest as [UV-visible albedo/near-IR albedo]: 0.3/0.5, 0.25/0.45, 0.2/0.4, 0.15/0.35, and
0.1/0.3. Approximately half the solar energy is in the near-IR, so the total solar (broadband)
albedo for each case is the average of the two values given; i.e., 0.40, 0.35, 0.30, 0.25, 0.20.
As a shorthand to identify the cases, we simply give the broadband values.

We sample COs levels of 10, 25, 50, 100, and 200 ppm. We do not test every combination
of albedo and CO4 values, but we do test the edge cases, as well as the full range of albedos
for a 50 ppm CO2 atmosphere, and the full range of CO4 values for land albedo 0.3 (Table
2.2).



Albedo of Dbare | COq Global Global Radiative | Land area Land area Land area Ocean area,
(snow-free) land (ppm) | average mean forcing with with PE>P | with PE>P | with
planetary | surface (Wm2) Thax> —2°C | in annual and Thax> —2°C
albedo tempera- | relative to | in warmest mean Thax> —2°C | in warmest
Broadband | Visible/ ture (°C) | 10 ppm, month (% of total) | (% of total) | month
solar nearIR albedo 0.4 | (% of total) (% of total)
0.4 0.3/0.5 10 0.683 -69.2 0 0.1 50.8 0.1 0
0.4 0.3/0.5 50 0.681 -67.9 2.75 0.23 54.16 0.23 0.01
0.4 0.3/0.5 200 0.68 -66.5 5.16 0.54 59.83 0.54 0.04
0.35 0.25/0.45 | 50 0.675 -66.6 3.78 1.41 57.67 1.41 0.11
0.3 0.2/0.4 10 0.67 -66.7 2.05 3.1 56.77 3.1 0.24
0.3 0.2/0.4 25 0.669 -66.0 3.6 3.48 59.9 3.45 0.31
0.3 0.2/0.4 50 0.668 -65.3 4.8 4.04 63.14 4.04 0.36
0.3 0.2/0.4 100 0.667 -64.6 5.99 5.27 66.32 5.27 0.49
0.3 0.2/0.4 200 0.667 -63.9 7.21 5.72 70.4 5.7 0.40
0.25 0.15/0.35 | 50 0.662 -64.0 5.81 9.15 68.16 9.02 0.87
0.2 0.1/0.3 10 0.657 -64.2 4.06 12.15 67.87 12.02 1.17
0.2 0.1/0.3 50 0.655 -62.7 6.81 14.99 74.57 14.82 1.53
0.2 0.1/0.3 200 0.653 -61.2 9.22 17.22 85.03 17.05 1.83

Table 2.2: Characteristics of the model runs. The consequences of radiative forcing shown for combinations of changes to the

bare-land albedo and the COs level are relative to the coldest case of COy = 10 ppm and bare-land albedo = 0.4 broadband

(0.3 visible / 0.5 near-IR). Land is “net-evaporative” if potential evaporation (PE) exceeds precipitation (P).

1¢
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We use the Parallel Offline Radiation Tool (PORT) (Conley et al., 2013) to calculate
total global radiative forcing associated with each experiment relative to a base case in the
middle range at CO2 = 50 ppm and bare (snow-free) land albedo 0.3. [In Table 2.2 the
radiative forcings are shown instead relative to the coldest case (CO2 = 10 ppm, albedo =
0.4) for ease of comparison.] Table 2.2 shows that dropping the albedo of bare land from
the brightest case (0.4) to the darkest case (0.2) at 50 ppm causes a radiative forcing (RF)
of 4.06 Wm™, resulting in a 5.2 K increase in global mean surface temperature, implying
a climate sensitivity of 1.28 K/(Wm™). Increasing COs from 10 ppm to 200 ppm (with
land albedo 0.3) causes RF = 5.16 Wm™, and results in a temperature increase of 2.8 K,
implying a lower climate sensitivity of 0.54 K/(Wm™). These climate sensitivities may be
compared to a median of 0.5 K/(Wm™2) in 19 GCMs for the modern Earth (Cess et al.,
1990).

These climate sensitivities indicate that albedo-driven forcing kicks off stronger feedbacks
than COa-driven forcing. The snowball climate has been shown to be relatively insensitive to
COq-driven forcing; at such low temperatures, the positive feedback from the water-vapor
greenhouse effect is weak (Pierrehumbert, 2005). Outside of the tropics, the wintertime
greenhouse effect is negative, resembling the modern Antarctic plateau (Sejas et al., 2018).
The greenhouse effect can be calculated as G = oTs* — OLR, where o is the Stefan-
Boltzmann constant, and OLR is outgoing longwave radiation. Surface temperature change
due greenhouse warming is AT, = [T's — %]1/ 4. At 50 ppm, G ranges from 0.7 Wm™ to
2.6 Wm™, and ATy, is between 0.9 and 2.3 K (higher warming at lower bare-land albedo).
At 200 ppm and 0.2 albedo, G is 4.4 W m™2, and AT, reaches 3.5 K. Pierrehumbert (2005)
obtained a similarly small value for the global average on a hard snowball; his Figure 4
shows a clear-sky greenhouse effect of ~ 8 Wm™. These snowball values are much smaller

than those for the modern Earth, where G ~ 150 W m™2 and AT, =33 K.
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2.4 Results

2.4.1 No land surface has above-freezing mean-annual temperatures, but some areas of the

land reach above-freezing temperatures seasonally.

In our runs with lower bare-land albedo, we find no areas of land that are above-freezing
on annual average. Places with annual mean temperatures above freezing would have the
potential of “open water” refugia. But refugia do not require open water. If the end of an
oceanic bay is below freezing on annual average, but the warmest month is above freezing,
sea ice would form in the bay, and it would partially melt in summer. Neoproterozoic algae
could have survived in the temporary meltwater pools on the ice, as has been observed by
mat-forming eukaryotic algae on the McMurdo Ice Shelf and on the Ward Hunt Ice Shelf in
the Canadian Arctic (Vincent et al., 2000; Vincent and Howard-Williams, 2000). In these
modern analogs, organisms can survive perennially in ice that is deeply frozen for all but a
few weeks or days per year. This would be the “ice surface” refugium described above in
Section 1.1(d).

We find that in our coldest case (10 ppm COg, bare-land albedo 0.4), 0.1% of the land
surface area reaches temperatures above the freezing temperature of seawater (—2°C) in at
least one month of the year, despite a global mean surface temperature of —69°C (Figure
2.2a). In our warmest case (200 ppm COg, bare-land albedo 0.2) in which global mean
surface temperature is —61°C, 17% of land surface area reaches temperatures warm enough
to host liquid water in the warmest month. (Our specification of the freezing temperature
as —2°C is a conservative choice. With perhaps 20% of the ocean water converted to land
glaciers and sea glaciers, the salinity of the remaining seawater would increase, lowering its
freezing temperature closer to —3°C.)

To investigate how refugia might form, we calculate the potential evaporation (PE,
mm/day), a measure of the rate at which the atmosphere could evaporate or sublimate
water from the surface, if that surface had unlimited water availability. Over land, we
calculate PE using a modified version of the Penman-Monteith equation (Penman, 1948;
Monteith, 1981; Scheff and Frierson, 2014). Over the ocean, it is equal to the latent heat

flux from the ocean to the atmosphere converted to units of water flux (mm/day). The dry
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Figure 2.2: Habitability of the simulated snowball climate. (a, b, c¢) Surface temperature
of the warmest month in the coldest simulated case (10 ppm COg, bare-land albedo 0.4),
the midpoint simulation (50 ppm COg, bare-land albedo 0.3) and the warmest case (200
ppm CO2, bare-land albedo 0.1), respectively. Red areas indicate locations with seasonal
melting, suggesting the possibility of ice-surface refugia. (d, e, f) Annual minimum snow
depth (monthly mean) from the same cases, given as mm snow water equivalent (SWE),
which is equivalent to kg/m?. Brown areas indicate places where snow depth drops below
the threshold for surface-albedo change at some point during the year. Note that ocean
areas without snow accumulation would nonetheless be covered by sea glaciers. (g, h, i)

Annual mean potential evaporation (PE) minus precipitation (P) for the same cases.
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snowball atmosphere over land creates demand for water resulting in large areas of the land
surface that are snow-free for part of the year (Figure 2.2d-f). Above-freezing land surfaces
are concentrated in places where PE outpaces precipitation — in particular, parts of the
Arabian Peninsula, the modern Sahara Desert and eastern Asia (compare Figures 2.2a-c
and 2.2g-1). Without snow cover, low-albedo land absorbs more solar radiation, allowing
for above-freezing local land temperatures and the potential for unfrozen water and refugia
if an ocean bay were to intrude to those locations.

A net-evaporative location experiencing mean-annual temperatures above freezing may
thus serve as a refugium if it is connected via a narrow bay to the ocean, allowing seawater
from below the sublimating sea glacier to flow into the bay and replace the water lost by
evaporation.

Our model does not represent the growth of ice sheets on land. However, we can infer
that snow-covered regions in Figure 2.2d-f are where ice sheets would grow; where they
would flow would depend on the land’s topography. Ice sheets have been directly simulated
on Neoproterozoic continents (Donnadieu et al., 2003; Mitchell et al., 2015); they cover only

parts of the continents, allowing large regions to be ice-free land.

2.4.2 Land surface albedo exerts control on the habitability of nearly-enclosed bays.

Land surface temperatures increase more strongly in response to decreases in bare-land
surface albedo than to increases in COs, for the same magnitude of global radiative forcing.
This response occurs across all latitudes and is stronger in regions with more total land
area (Figure 3.3a). Starting from a baseline of albedo 0.4 and 10 ppm COs, increasing CO-
from 10 to 200 ppm constitutes a global radiative forcing of 5.16 Wm™, while decreasing
snow-free land albedo from 0.4 to 0.2 constitutes a smaller forcing of 4.06 Wm™ yet causes
a greater increase of warm land area. The change of land area per unit of radiative forcing
is shown in Figure 3.3b, for four cases of similar RF, two caused by increasing CO2 and the
others by decreasing albedo. Despite smaller globally mean radiative forcing from albedo
changes, land surface temperatures are more responsive to albedo since the radiative forcing

is concentrated over snow-free land.
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Figure 2.3: (a) Area of land (per 1.9 degrees of latitude increment) with temperature above
freezing in the warmest month. Total land area is shown in grey. (b) Change in percent
land area above freezing in the warmest month, per unit radiative forcing, relative to the

coldest case (10 ppm COq, albedo 0.4).
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Decreasing bare-land albedo facilitates potential refugia in two ways: (1) warming of bare
land and (2) exposing new bare land that then becomes warm. In our simulations, both
mechanisms occur to effect a change in habitability, with approximately 45% of the newly
exposed land above freezing (in the warmest month) having become warm enough to host
refugia through the first mechanism, and 55% through the second mechanism at constant
COg. (Partitioning is similar at 10, 50, and 200 ppm COs2). We do not see above-freezing
temperatures in locations that have snow cover. If a warm, net-precipitating location did
exist, it would become a warm ice sheet, like a modern temperate glacier or the wet-snow
zone of modern Greenland.

Either decreasing bare-land albedo or raising COs expands the area of potentially hab-
itable land in coastal gridcells; continental interiors already meet the criteria for potential
habitability at albedo 0.4. A world with low bare-land albedo would therefore be more likely
to host life in narrow bays that intrude into the dark land. As mentioned above, the bare
land in the Neoproterozoic probably resembled modern stony deserts rather than sand or
soil, so its albedo may have been even lower than the lowest case we modeled (broadband
albedo 0.2).

Figure 2.4 and Table 2.2 show, for the various combinations of CO5 and albedo, the per-
cent of land area capable of hosting refugia, were an arm of the sea to reach it, demonstrating
again the relative importance of global radiative forcing by land albedo and CO,. Start-
ing from the coldest case (bare-land albedo 0.4, CO2=10 ppm), positive radiative forcing
results from either increasing COs or reducing land albedo. For the same radiative forcing,
a change of land albedo is more effective than a change of COy. Figure 2.4a shows this
for the annual maximum temperature (7,4, ); the area of above-freezing land ranges from
0.1% to 12%, by decreasing bare-land albedo alone. [Even in the warmest case (bare-land
albedo 0.2, CO2=200 ppm), we do not see places with annual mean temperature 7' > —2°C.
That would allow for “open-water” refugia, because during at least part of the year the bay
would be ice-free.]

A temperature criterion is not sufficient. We also need PE > P so that land glaciers will
not form at these locations. Figure 2.4b shows that the percent of land area with PE > P

increases slightly with darkening of the land or increasing CO2. Combining these criteria,
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Figure 2.4: Percent of land area capable of hosting refugia, were an arm of the sea to reach it,
for several combinations of CO2 mixing ratio and bare-land albedo. Relative to the coldest
case (albedo=0.4 and CO2=10 ppm), the change in suitable land area is shown as a function
of the radiative forcing, caused either by darkening the surface or by increasing COs. (a)
Percent of land area with temperature of the warmest month 7},,, > —2°C. (b) Percent
of land area with mean annual PE;P. (c) Percent of land area with T}, > —2°C and
PE>P. (d) Percent of ocean area with temperature of the warmest month 7,4, > —2°C.
(e) Percent of land area with temperature of the warmest month 7},,, > —2°C relative to

the warmest case (albedo=0.2 and CO2=200 ppm).
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Figure 2.4c shows the percent of land area with T},4, > —2°C and PE > P.

There are also some small areas of the ocean, all on coastlines, where the surface tem-
perature exceeds —2°C in the warmest month, but in all cases these areas represent less
than 2% of the ocean area (Table 2.2, Figure 2.4d).

With high-albedo land, the climate is so cold that very little of the land reaches above
freezing even with 200 ppm CO2, as shown in Figure 2.4a. But with the warmer climate
for darker bare land (albedo 0.2), the above-freezing land area does become sensitive to the

COg level (Figure 2.4e).

2.4.8 Refugia on desert land?

Besides inhabiting the ends of narrow oceanic bays, photosynthetic eukaryotes may also have
been active on unglaciated land surfaces. Reviewing “early life on land”, Lenton and Daines
(2017) emphasized microbial mats powered by oxygenic photosynthesis. In their words:
“Initially, such mats would have been dominated by [prokaryotic] cyanobacteria. Sometime
during the Proterozoic Eon (2.5-0.54 Ga) they probably gained eukaryotic algae and fungi...
Today a mixture of cyanobacteria, algae, fungi, lichens and nonvascular plants are found
in terrestrial mats, often termed ‘biological soil crusts’ or ‘cryptogamic cover’.” Lenton and
Daines cited evidence that “by the start of the Neoproterozoic (1 Ga), eukaryotes were
probably present alongside cyanobacteria in terrestrial mats, but whether these were algae
is unclear.” The soil-crust mats occur on modern midlatitude deserts that are seasonally
above freezing, as in Utah and Nevada. Similar environments may therefore have offered
a habitat for mixed prokaryotic/eukaryotic life in the deserts of Snowball Earth wherever
the soil temperatures were above freezing seasonally, as also proposed by Retallack (2023).
The locations would have to be in deserts (PE>P) to avoid burial by land-glaciers, but they

could have received water from the local sparse precipitation, or from runoff modulated

through topography.
2.5 Discussion and Conclusions

In our simulations we used the albedo of firn rather than glacier ice (Table 2.1) to represent

the snow-free parts of the frozen ocean, biasing the climate colder. Actual sea glaciers
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should have had a slightly darker surface, allowing for a warmer climate. Yet, despite our
conservative choice of a brighter ice surface, our results suggest that a “hard” snowball
climate with ice extending to the equator could have allowed some locations to sustain the
surface liquid water needed to host photosynthetic life, despite extremely cold global-mean
temperatures. Our global annual mean surface temperatures T are considerably colder than
those of other GCMs simulating the hard-snowball climate. Abbot et al. (2013) reviewed
six GCMs; we can estimate T from their Figure 2.1a for 100 ppm COs: for five GCMs,
T ~ —38°C; the cold outlier (the FOAM GCM) had T ~ 46°C. Our finding of above-
freezing locations even with our extremely cold global mean surface temperatures, all in the
range —61 to —69°C (Table 2.1), thus argues strongly for refugia on or near ocean bays.

Although we find strong evidence to support the potential for refugia, the distribution
and type of refugia (ice-surface or open-water) would be sensitive to the actual bare-land
albedo. The albedo of bare land surfaces during the Neoproterozoic may have been even
darker than our darkest case (albedo 0.2), as land plants had not yet evolved, which would
limit the erosion of rocks into smaller grain sizes, so that stony deserts, which have broad-
band albedo 0.10-0.15, would be more likely than modern deserts of soil or sand. If Neo-
proterozoic land surfaces were indeed dark like stony deserts, this lower land albedo would
result in more refugia than we have simulated here.

We find that modern nearly-enclosed bays, resulting from continental rifting (e.g., the
Red Sea), are especially habitable and could support seasonal refugia depending on the land
surface albedo. Since the dynamics of sea-glacier invasions into nearly-enclosed bays occur
below the resolution of the model simulations employed here (Campbell et al., 2011, 2014),
our results quantify the maximum potential for refugia within a hard-snowball climate with
modern continents; but the exact distribution of such nearly-enclosed bays on Neoprotero-
zoic continents would determine true habitability. A constriction at the entrance to the
bay helps to slow the sea glacier (Campbell et al., 2014), but the entrance must not be too
shallow because ocean water needs a path below the ice to reach the refugium. The strait
at the entrance to the Red Sea (Bab el Mandeb) is only 137 m deep (Siddall et al., 2002),
so a sea glacier would likely become grounded there.

Since Neoproterozoic continental reconstructions are constrained primarily by paleomag-
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netism, which constrains the latitude but not the longitude, there remains large uncertainty
in the likelihood of large continental interiors, which we expect to strongly influence our
results (Merdith et al., 2021). The total land area was probably only slightly smaller than
today’s (Hawkesworth et al., 2019), but the tropical bias in land distribution and degree
of continental “clumping”, as well as the location and height of mountain ranges, could
influence our results (Lagué et al., 2023).

Our conclusion is that the ends of narrow oceanic bays were likely to serve as refugia

for photosynthetic eukaryotes, even during the coldest early phase of a snowball event.
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Chapter 3

IDENTIFYING THE INFLUENCE OF CARBON CYCLE
REPRESENTATION ON SINK SENSITIVITY, TOTAL WARMING,
AND GLOBAL CARBON BUDGETS IN SIMPLE CLIMATE MODELS

Abstract

Complex models of the Earth system are increasingly able to represent details of the carbon
cycle that determine how much carbon is taken up by the Earth’s land and ocean, but
a variety of approaches exist to simplify the representation of these processes in reduced-
complexity models, or simple climate models (SCMs). Such models are useful for building
conceptual understanding as well as informing policy decisions intended to mitigate global
warming. We perform a comparison of four SCMs with varying carbon cycle structures in
the historical period and emulate global mean temperature response to idealized emissions
trajectories. We find that carbon cycle representation influences the magnitude and un-
certainty of land carbon uptake in decarbonization scenarios. These findings suggest that
using one model in isolation to guide decarbonization decision-making may hide large un-
certainties in how land and ocean sinks may behave in a decarbonzation or post-net-zero

emissions landscape.

3.1 Introduction

8.1.1 Quantifying structural uncertainty in the coupled Farth systems

Identifying and quantifying uncertainty in the coupled climate-society system is important
for understanding the total outcome of any human policy, as well as for developing climate-
oriented benchmarks, such as the remaining carbon budget (Rogelj et al., 2019).

The Earth’s carbon cycle contains many important feedback processes that together
influence how the Earth’s climate responds to increased or decreased net emissions of carbon

dioxide (Friedlingstein et al., 2014; Arora et al., 2020).
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In Earth System Models (ESMs) biogeochemical processes on land contribute significant
uncertainty to the global climate response to emissions (Friedlingstein et al., 2022). Mod-
eling the coupled carbon-water cycle on land requires representing complex biological and
ecological processes occurring on small scales (plant stomata open and close on the microm-
eter scale) by using poorly-constrained parametrizations operating at resolutions that are
at least 10 orders of magnitude coarser.

The challenge of how to represent processes within the terrestrial carbon cycle is not
likely to be resolved soon since it reflects an incomplete understanding of how to represent
them at global scales, and the number of parametrizations of different biological processes
is more likely to increase than stabilize or decrease. Wieder et al. (2015) illustrate this by
comparing two equally plausible formulations for biological nitrogen fixation (one calculated
from net primary productivity and one calculated from evapotranspiration) in CESM2.
They find that while both formulations lead to similar carbon fluxes and pools in mean
stead-state pre-industrial pools, they diverge under a high-emissions scenario (RCP8.5) by
about 30% in the northern hemisphere.

While these differences in carbon cycle representation can lead to different answers,
having a diversity of ways of representing processes unveils the uncertainty stemming from
incomplete representation. Comparing outcomes across different model architectures en-

ables us to demarcate how much of our total uncertainty is due to this source.

3.1.2  Simple Climate Models

While Earth system models are capable of representing details of the climate system, the
computational burden prevents them from being used for assessing a wide range of pathways.
Simple climate models (SCMs) are used by a range of actors from scientists for intuition,
global leaders to vet policy, and companies to scope climate-oriented projects. They are
even used in the IPCC WG3 to scope climate solutions.

SCMs can be built to emulate ESMs. While ESMs may contain representations of carbon
cycle processes that are more mechanistic and rely on empirical or mechanistic representa-

tions of observable mechanisms, leading to deterministic simulations, the structure of SCMs
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varies.

One benefit of SCMs is their computational efficiency. Because of their reduced com-
plexity, SCMs can simulate thousands of scenarios on one CPU in a matter of seconds or
minutes, allowing users to sample across both internal variability and scenario uncertainty
with ease. This usability make them far more attractive and ubiquitous tools for policy- or
technology-scoping use cases.

Since CMIP-class ESMs are too computationally expensive to explore the full param-
eter space of structural uncertainties and future scenarios, we can use reduced complexity
or “simple” models, which emulate CMIP-class GCMs to test the range of temperature
response we get from decreasing COq emissions.

Emissions-driven climate model emulators are physically based emulators that can esti-
mate ESM dynamics and offer insight into dominant carbon cycle processes. They are used
to assess and plan decarbonization pathways, scope CMIP scenarios for ESMs, emulate the
climate for economic models, and offer insight into the dominant carbon cycle processes at
the global scale.

For this reason, they currently play a powerful role in scenario development and in par-
ticular for Working Group IIT Mitigation Assessment of the IPCC Working Group II (2022),
a set of three climate model emulators were used to vet and classify a large database of sce-
narios generated from economic models (Kikstra et al., 2022). The emulators were used to
classify mitigation scenarios into different warming categories, with those limiting warming
to below 2°C being the most desirable. In the report, pathways that are able to limit warm-
ing to 2°C (with high likelihood), projected COq emissions to be reduced between 2019 and
2050 by around 49% for energy demand, 97% for energy supply, and 136% for agriculture,
forestry, and other land use. The implication is that successful mitigation strategies en-
tail dramatic modifications to the existing land carbon sink. While three models are run,
FalRv1.6.2, MAGICCv7.5.3, and CICERO-SCM, only MAGICC’s results are reported in
the final assessment since they capture the range of the other models.

At the international scale, multiple models are run to characterize potential mitigation
scenarios. At marginally smaller scales, it is common to run only one emulator, varying

parameters to emulate ESMs to sample across uncertainty in the forced response to emis-
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sions. As an example, the independent research and analysis think tank, Rhodium Group,
which provides research insights for economic and policy decision-makers in the public and
privates sectors, recently published its Rhodium Climate Outlook (RCO) report intended to
provide an assessment of likely future climate risk given projected future global emissions.
To translate global emissions to global temperature, the authors run FalR. The very first
conclusion of the report states: “The world is very likely on track to exceed 2°C above
pre-industrial levels, but we’ve avoided the most catastrophic projections” (Larsen et al.,
2023).

McKinsey & Company published a similar energy outlook report in January 2024:
“Global Energy Perspective 2023: COg emissions outlook” (Nivard et al., 2024). In it
the authors conclude that projected emissions will likely cause global temperatures to ex-
ceed 1.5°C by 2035. To reach this conclusion, they employ MAGICC (v7.5.3) and have
since provided recommendations for land-based carbon removal strategies that align with
the emissions reductions targets set in a 2021 report: “Nature and Net Zero” (Adams et al.,
2021).

As another example, CarbonPlan, an independent climate- and energy-focused research
non-profit, investigated the comparative timescales of carbon removal that result from dif-
ferent carbon dioxide removal (CDR) technologies, specifically the difference between direct
air capture (DAC) and direct ocean removal (DOR) (Zarakas et al., 2023). Their assessment
informs policy-makers on the nuanced ways in which changes to COs concentration depend
on multiple processes coming to equilibrium, which take effect over overlapping timescales
and gives recommendations for reconciling differences in these approaches. In their as-
sessment, they run HECTOR, a reduced-complexity model which contains a process-based
carbon cycle model to illustrate the comparative delayed in carbon removal that might be
felt if DOR were employed versus DAC, and caution decision-makers to consider the influ-
ence of carbon cycle feedbacks fairly when comparing technologies (i.e., suggesting the use
of emissions-driven assessments of technologies in models that represent the carbon cycle
feedback from both technologies). This assessment exists as an ideal example of the ex-
planatory power of SCMs. HECTOR’s structural simplicity and consequent computational

slightness make it an excellent tool for achieving insight into the varying timescales of the
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global carbon cycle but also for facilitating the connection between those biogeochemical

insights and decarbonization policy.

Taken a step further, a final example of the ubiquity of simple climate models and em-
ulators in the decision-making space is the planned use of MESMER, a spatially-resolved
climate model emulator, for EU policy assessment as part of the Horizon Europe SPAR-
CCLE project (Beusch et al., 2020). MESMER has been built to replicate ESM climate
impact variables, including fire weather, soil moisture, and annual maximum temperature,
without the process-representation and incumbent computational cost. The project works
in collaboration with the European Commission’s Joint Research Centre, which provides

direct scientific support for EU policy-making.

Since SCMs are built to produce the climate response to radiative forcing, they inherently
include a representation of the carbon cycle. The SCMs vary in how implicit or explicit
that representation is. An important obstacle in modeling any kind of solution, even with
an ESM is that decarbonization emissions scenarios are necessarily new territory for our
observed climate system and our climate models. The ubiquity of their use in modern
climate decision-making, their diversity in structure, and the inherent uncertainty of an
imminent untested emissions regime, together make SCMs important and exciting subjects

for inter-comparison for the purposes of assessing structural uncertainty.

8.1.83 Metrics of climate sensitivity in a decarbonization regime: Transient Climate Re-
sponse to Cumulative COy Emissions (TCRE) and the Zero-Emissions Commitment

(ZEC)

We use two metrics that can be used in conjunction with one another to quantify the remain-
ing carbon budget for climate stabilization. The first is the Transient Climate Response
to Cumulative COg Emissions (TCRE) (MacDougall, 2016) and the second is the Zero-
Emissions Commitment (ZEC). The TCRE can be defined as the modeled proportionality
(or slope) of transient global mean warming to cumulative emissions. ESMs consistently
exhibit this emergent response to cumulative emissions across a wide range of cumulative

emissions pathways (Koven et al., 2022). In scenarios reaching net-zero (or net-negative)
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emissions, some of the committed temperature response to emissions is realized after emis-
sions reach zero, which is quantified as the ZEC, evaluated at some designated time after
emissions cease. ZEC can be seen as a measure of the relative strength of lagged warming
to lagged COs uptake operating over longer timescales when emissions reach net-zero or
net-negative (Koven et al., 2022). The use of the two metrics together allows for the quan-
tification of a total CO2 remaining carbon budget international warming threshold targets
of 1.5 or 2°C (Rogelj et al., 2019; Jones and Friedlingstein, 2020).

We can use TCRE and ZEC to estimate a remaining carbon budget using the following
inputs: (1) anthropogenic warming to date (2) cumulative historical CO2 emissions and (3)
current non-COs fraction of total anthropogenic forcing

In theory, ZEC can be quantified as the temperature change taking place after net-
zero, though in practice, when emissions decrease progressively (as opposed to falling to
zero rapidly), some of the ZEC can be realized before emissions cease (Koven et al., 2023),
meaning that ZEC may be more accurately quantified as the temperature change with
respect to the expected linear TCRE.

Quantifying and understanding the underlying dynamics controlling ZEC is essential for
predicting peak-COs-driven warming, the relative timing between peak emissions and peak

warming, and the remaining carbon budgets (Koven et al., 2023).

3.1.4 Research Questions

1. How does the carbon cycle structure in an SCM influence the magnitude and timing

of warming in an decarbonization scenarios?

2. How do different model structures allocate carbon to land and ocean sinks, and how

do the allocations differ depending on emissions mode (increasing or decreasing)?
3.2 Methods

3.2.1 Models

We compare four models of varying structures, levels complexity, and applications. In Table

3.1, we describe the components of how the carbon cycle is represented in each model.
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Model Carbon cycle structure Reference
FalR 4 fixed-allocation timescales, a7, | Millar et al. (2017);
of carbon removal. Smith et al. (2018);

Leach et al. (2021)

HECTOR 3-box terrestrial model with LUC | Hartin et al. (2015,
4-box ocean model 2016); Dorheim et al.

(2023)
MAGICC 3-box terrestrial model Meinshausen et al.

Modified impulse response ocean | (2011)

model
FalR_bgc 9-box terrestrial model Parton et al. (1987,
Box Model 7-box ocean model 1988); Swann (2010)

Toggweiler (1999)

Table 3.1: Carbon Cycle Approach by Model

In Figure 3.1 each model’s carbon cycle structure is portrayed as a schematic diagram,

illustrating the variation in structure that we explore.

FalR

At the lowest level of complexity, we run the Finite-amplitude Impulse Response Model,
version 2.1.3, or FalR (Leach et al., 2021; Smith et al., 2018; Millar et al., 2017). FalR’s
carbon cycle is a modified version of the four-timescale impulse response function for carbon
dioxide derived by Joos et al. (2013). In practice, FalR’s carbon cycle is composed of four
reservoirs with unique timescales of carbon removal from the atmosphere, a7;, such that 7;
is the characteristic atmospheric lifetime, or decay timescale, for reservoir, i, and « is an
adjustment factor, computed at each time step and applied to all characteristic timescales,
shown in Equation 3.7. Each timescale of decay, 7; operates on a specified fraction of the

emissions to the atmosphere, a;, (approximately one fourth for each pool). The evolution
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Figure 3.1: Carbon cycle structures for each SCM. In each schematic, a pink hor-
izontal rectangle at the top represents the SCM’s atmosphere carbon pool. HECTOR,
FalR_bgc and MAGICC represent land and ocean carbon cycles separately and explicitly
and have been colored green and blue to indicate terrestrial and ocean carbon representa-
tions, respectively. HECTOR and FalR_bgc contain representations of ocean circulation,
which influences carbon draw-down from the atmosphere to the ocean. FalR_bgc includes

live, litter, and soil organic matter pools, each of which have three sub-pools.
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of total atmospheric CO3 in the atmosphere, C(¢) can therefore be described as the sum of
four emissions reservoirs in the atmosphere, R; with i = [0, 1,2, 3], plus preindustrial CO,

concentration such that

3
C(t)=Co+ Y _Ri(t), (3.1)
=0

where Cj is the preindustrial CO2 concentration, and C(t) — Cy is the atmospheric
burden above preindustrial, G,(t). G4(t) is calculated as a sum of the atmospheric pools
as in Eq. 3.2. The total sink at any time is the difference between cumulative emissions
and atmospheric burden as in Eq. 3.3, where Zizto E(s) is cumulative emissions since the

simulation start, tg.

3

Ga(t) =D Ri(t) (3.2)
i=0
t
Gu(t) = E(s) — Galt) (33)
s=to

We calculate the evolution of each individual sink reservoir, G, ;(t) as the difference
between the emissions allocated to each atmospheric pool and the respective atmospheric

pool concentration:

t

Gui(t) =) a;E(s) — Ri(t) (3.4)

s=tp

The evolution of CO2 concentration in each atmospheric pool, R;(t) is given by Eq. 3.5.

dR;(t) Ri(t)
=a,E(t) — 3.5

dt aB(?) a(t) = (3:5)

In Figure 3.1, each sink reservoir is labeled as 7;. While values for each 7; are fixed.
The lifetime adjustment parameter, «(t) allows accumulated sink uptake, R, and global

temperature, 7', to feed back on each lifetime Smith et al. (2018):

5 ~100
g oa;T; {1 — exp ( o )} =71y +1,Guy +r7T (3.6)
=0

2
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In earlier versions of FalR, the unique root « is computed at each time step. Beginning
with FalR version 2.0.0, the solution is approximated with the exponential form in Eq. 3.7,
where go and g; are constants that align both solutions when o = 1 (Leach et al., 2021). rq
can be interpreted as the strength of preindustrial uptake from the atmosphere; r, is the
sink sensitivity to cumulative sink uptake; 7 is the sink sensitivity to temperature. While

a is computed at each time step, the value is the same for each reservoir (i.e., there is no

Oéi).

(3.7)

a(t) = go exp (TO + ryGu(t) + TTT(t))

g1

The lifetime parameter, «, is state-dependent for only COs and methane, CH4. For
CHy4, an additional sensitivity to atmospheric concentration, 7,G,(t), is included in Eq. 3.7
(Leach et al., 2021). For other greenhouse gases, « is constant.

Each of the characteristic timescales can be interpreted as the rate at which carbon is
drawn out of the atmosphere and into a sink reservoir. At each time step, the four reser-
voirs are computed and used to determine the new atmospheric concentration (together
with the pre-industrial concentration). Millar et al. (2017) interpret the four timescales of
uptake as geological re-reabsorption (79 = 1 x 10? years), deep ocean invasion/equilibration
(11 = 394.4 years), biospheric uptake/ocean thermocline invasion (72 = 36.54 years), and
rapid biospheric uptake/ocean mixed-layer invasion (73 = 4.304) years), and the computed
adjustment factor, «(t) provides uniform biogeochemical feedbacks on all atmospheric life-
times based on the current time step’s levels of accumulated emissions (Gu) and global

temperature (7).

HECTOR

At the next level of complexity, we run HECTOR version 3.2.0, an open-source, process-
based, carbon-climate model that calculates the globally-resolved flow of carbon and energy
between the atmosphere, ocean and terrestrial biosphere, as described by Hartin et al.
(2015, 2016). Anthropogenic emissions are emitted from a geologic carbon pool, earth_c,

and LUC emissions are emitted as fractions of the land carbon pools (veg_c, detritus_c,



42

and soil_c).

In HECTOR’s terrestrial carbon cycle component, atmospheric carbon flows to the
vegetation pool through net primary productivity (NPP). The rate of NPP varies with
atmospheric carbon, modified by a user-set fertilization parameter, 5. Carbon flows from
live vegetation to detritus and soil; detritus flows to soil, and both detritus and soil carbon
return to the atmosphere through respiration. Respiration is modified by a Q1o factor.
The CO4 fertilization feedback and respiration response to temperature that 5 and Qg
represent, respectively, modify the flux of carbon between land and atmosphere pools in
opposing directions. NPP increases with higher COs, and respiration also increases with
higher CO4 driven by higher temperatures.

HECTOR’s ocean carbon cycle component is composed of four ocean boxes — two surface
(one cold high-latitude and one warm low-latitude box), one intermediate, and one deep
ocean box. The flux of carbon between the atmosphere and each surface ocean box is a
function of the gradient in pCO2 between the atmosphere and ocean box at each time step
(Equation 11 of Hartin et al., 2015). Within each surface box, pCO2 is calculated as a
function of temperature, salinity, and pH. Temperatures of the surface ocean boxes are
linearly related to atmospheric temperature (allowing the cold high-latitude box to be a
stronger sink). Carbon is transported between ocean boxes in a prescribed circulation. The

total ocean sink at each time step is the sum of all ocean fluxes.

MAGICC

MAGICC is the primary simple climate model used by the IPCC. We run MAGICCv6.0,
a hemispherically-averaged upwelling-diffusion ocean coupled to an atmosphere layer and
a globally averaged carbon cycle model (Meinshausen et al., 2011). While many aspects
of MAGICC are highly complex, the carbon cycle model is distinct from but of similar
complexity to HECTOR and the other models included in this analysis.

MAGICC’s terrestrial carbon cycle component is similar to HECTOR’s terrestrial carbon
cycle with three pools (live vegetation, detritus, and soil pools) representing carbon flow

between each pool. It can also represent deforestation explicitly.
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The ocean carbon cycle component uses a modified impulse-response function to repre-

sent the carbon sink (Joos et al., 1996; Meinshausen et al., 2011).

FalR _bgc

FalR_bgc has the highest-complexity carbon cycle model in its structure of both the land
and ocean. Similarly to HECTOR, atmospheric CO5 is computed as the difference between
emissions sources and land and ocean carbon sinks.

For FalR_bgc’s terrestrial carbon cycle, a reproduction of the CENTURY land carbon
cycle model is used (Parton et al., 1987, 1988). The model consists of nine carbon pools,
with fluxes between them. These include three live pools, three detritus pools and three
soil pools - with their own turnover times. Each carbon pool has a timescale, 7, associated
with it. For the live pools (leaves, roots, and wood) the timescale represents the average
lifetime before that part of the plant will die (mortality). For the dead pools it represents
the average time carbon spends in that pool before either being respired or transferred to
another dead pool. The timescale of a given carbon pool depends on the environment and
ecosystem in which it exists. The FalR_bgc model also represents CO» fertilization and the
response of respiration to temperature as the 8 and ()19 as user-set parameters respectively.

The ocean model in FalR_bgc is a seven-box model of the ocean overturning circulation
with nutrient and carbon cycles adapted from Toggweiler (1999). The seven boxes include
four surface, one thermocline/intermediate, one mid-depth, and one deep ocean box. Like
HECTOR, it contains a chemistry submodule to compute pCO4 from salinity and temper-
ature.

We couple this combined global carbon cycle model to FalR, so that at annual time
steps, FalR computes a temperature from atmospheric COs concentration, using a 3-layer

energy balance model, which is then passed to the carbon cycle model at the next time step.

AR5-IR

For the idealized simulations, we also include COs concentration output from the ARS5-

IR, which is FalR’s predecessor and used in the IPCC-AR5 (Myhre et al., 2013; Millar
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et al., 2017). Its atmospheric response to emissions is similar to FalR’s (with four pools of
atmospheric emissions corresponding to four fixed, characteristic timescales of exponential
carbon removal) except that it does not include a lifetime adjustment parameter, a, and
therefore does not include allow COy uptake or temperature to feedback on the sink rates.

We include this model only for context in figures and do not include it in analysis.

3.2.2  Simulations

We sample across a range of decarbonization scenarios. Emissions trajectories for each of the
four scenarios is shown in Figure 3.2. The pulse experiment provides a clean way to compare
model behavior in a setting that has been used to calibrate simple models (Joos et al., 2013;
Schwarber et al., 2019). The Flat10 and Bell Curve experiments are ideal experiments
for calculating the fundamental climate mitigation metrics (discussed in Methods) The
historical emissions trajectory is also useful for assessing necessary mitigation; it also allows
us to compare the models to observations, and provides a direct comparison how models
behave in a regime against which they are tuned when assessing these models in observed
regimes. Together, these scenarios allow us comprehensively compare the climate predictions

from these SCMs under idealized mitigation and trace the origin of any difference.

Historical: Global Carbon Budget

We drive a historical simulation for each model using emissions of COo-FFI and CO»-
LULUCEF beginning in 1850 from Forster et al. (2023). Emissions are dropped to zero after
the record ends in 2021, and simulations are continued until 1000 years of simulation are
complete.

Observations of global mean COs concentration and growth rate are from the NOAA

Global Monitoring Network (Lan et al., 2024).

Idealized

We run a set of idealized simulations that are designed to diagnose the response of the carbon

cycle to a decarbonization regime. These include a Flat10 emissions scenario followed by a
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drop to zero emissions after 100 years (referenced hereafter as esm-flat10-zec), a Gaussian
emissions scenario, which we refer to as the esm-bell1000PgC scenario, and a 500 Pg C pulse
emissions scenario. In the esm-flat10-zec scenario, 10 Pg C is emitted every year for 100
years, immediately followed by zero emissions. In esm-bell1000PgC, we use the emissions
prescribed in the ZECMIP protocol, in which a Gaussian bell-shaped curve of emissions is
followed, which reaches 1,000 Pg C in year 100, and smoothly transitions to zero emissions
at year 100 (Jones et al., 2019). Both the esm-flat10-zec and esm-bell1000PgC scenarios
reach 1,000 Pg C of CO4 emissions before reaching net-zero emissions in year 100. In the
pulse-500PgC experiments, a pulse of 500 Pg C is emitted followed by zero emissions.

We run all simulations for a total runtime of 1000 years for each emissions scenario.
In the historical simulation, after 2021, emissions are dropped to zero until 1000 years of

simulation have passed.

3.2.83  Configuration

Since SCMs can be tuned to produce virtually any climate response, model developers
and have established calibration and constraining processes that restrict model behavior
to an acceptable and reliable response. To tune these models to their default parameter
values, developers largely use observations of present-day trends in global mean temperature
(Smith et al., 2018; Meinshausen et al., 2011; Dorheim et al., 2020). Additional calibration
approaches may be used, but each model is tuned independently. By running MAGICC,
FalR, and HECTOR with their default, “out-of-the-box” settings, we attempt to compare

Unlike MAGICC, FalR, and HECTOR, FalR_bgc carbon cycle model is not formally
tuned in its default configuration. We perform minor hand-tuning to only FalR_bgc to cali-
brate its model parameters to align with historical observations of temperature. Specifically,
we adjust parameters that influence the biogeochemical response to accumulated CO5 and
temperature by carbon cycling processes. These include the plant COs fertilization rate,
the Q)10 heterotrophic respiration response to temperature, and scaling parameters on ocean
surface gas exchange, circulation, and circulation’s response to temperature. These specific

parameters are discussed further in Ch.4. All of the parameter values were adjusted within
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ranges supported by observations of these values.

Outside of this adjustment, the SCMs are run in their default configuration in order to
diagnose the initial inter-model spread and in order to bring into relief any potential bias
that would be assumed in running a single model on its own.

We run an ensemble in FalR using its published calibrated, constrained ensemble, ver-
sion 1.2.0 (Smith, 2023), which is an AR6-consistent calibration of FalRv2.1.1. It consists
of 1,001 parameter combinations, largely constrained from historical observations of tem-
perature and ESM temperature metrics. More description of the ensemble is available with

the published dataset.

3.2.4  Computing a Remaining Carbon Budget (RCB)

The remaining carbon budget (RCB) for climate stabilization is a critical metric used by
the IPCC to direct climate mitigation policy (IPCC Working Group I, 2021b). It is defined
as the net amount of carbon that can be emitted (starting today) while staying below a
chosen global warming limit (Rogelj et al., 2019). It is often taken with respect to 1.5 or
2°C above preindustrial temperature, which is the stated goal of the UN Paris Agreement
(UNFCCC, 2015). In this study, we do not restrict the RCB to positive values. However,
we would interpret a negative RCB as the degree to which we have exceeded the global total
carbon budget rather than a recommended necessary negative emissions budget.

Rogelj et al. (2019) define the RCB for a given temperature change limit (Tyy,) as a
function of the historical anthropogenic warming to date (Tjst), the non-COq contribution
to future temperature rise, Tyonco,, the Zero Emissions Commitment, given as Tzgc in
Equation 3.8 and TCRE, and finally an adjustment factor for sources of unrepresented

Earth system feedbacks (Fgs).

j_iim - Thist - Tn0n002 - TZEC
TCRE

RCB = — Bpem (3.8)

We set a limit of 1.5°C for Tiin. Thist can be estimated from observations with respect
to an 1850-1900 baseline. To do so, we use the Forster et al. (2023) combined temperature

dataset: anthropogenic warming in 2021 is 1.11°C warmer than the baseline. For cumulative
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COg emissions from fossil fuels and land use (from 1870 to the end of 2021), we use the Global
Carbon Project global emissions dataset starting in 1870. In 2023, cumulative emissions is
675.31 Pg C.

To determine Tyonco, We use our results from the Flat10_-ZEC following the example of

Damon Matthews et al. (2021) given in Equation 3.9:

ATy, — ATzEC\ 1 — fi

AT'anth )(1 - fzz) a 1) (39)

Here, a distinction is drawn between the TCREc(o, and the observed temperature re-

RCB=E x ((

sponse to anthropogenic emissions as a way to embed non-COs forcing, wherein:

AT,
TCREco, =~ o (1= fe) (3.10)

We diagnose a COs-driven TCRE from our modeled historical simulation, which we can
relate to the observed temperature response to historical emissions to estimate f,., or the
historical non-CQO» forcing fraction. We calculate f,. as the mean ratio of non-COs to total
anthropogenic radiative forcing as shown in Equation 3.10.

Damon Matthews et al. (2021) estimate the historical non-COs forcing fraction, f,., as
a linear function of f..

We calculate the TCRE from the flat10_ZEC experiment for the COgz-driven warming.
We then add the expected non-COsq-driven warming as (TCREgat10_ zec x 1000 Pg C) X fye.

We diagnose observed warming to cumulative COq since pre-industrial baseline as the

slope in temperature to cumulative emissions since 1950.

3.3 Results

3.8.1 SCMs produce historical COy concentration record well.

All models reproduce historical observations of CO2 concentration in their default “out-
of-the-box” configuration. We compare the each model’s airborne COs2 to observations of
global mean CO; concentration from the NOAA Global Monitoring Network (Lan et al.,

2024). Historical airborne fraction in response to historical emissions is consistent across



49

models and is in line with observations. Figure 3.3 shows the fidelity of each model to the
observed CO» record.

These SCMs were have been built and calibrated to reproduce historical warming trends
from historical emissions. In the cases of FalR, HECTOR, and MAGICC, they have been
additionally tuned to reproduce ESM responses to CMIP scenarios (Meinshausen et al.,
2011; Smith et al., 2018; Dorheim et al., 2020) and consequently real-world COg concentra-
tions from emissions records. With this in mind, the models’ high fidelity to observed COq
concentration is relatively unsurprising. However, it does demonstrate the SCMs’ ability to
produce a comparable response to the observed climate and validates their performance in
increasing-emissions regime. As a result, we can use this result to validate that SCMs are
able to capture the principle dynamics of the global carbon cycle at play in an increasing-

emissions regime of the historical period.

3.3.2  Wide range of climate paths from the same emissions trajectory.

We examine the spread in modeled CO9 concentration and global temperature within each

emissions scenarios with a specific focus on before and after the date of net-zero emissions.

Scenario: Historical emissions

While the response to historical emissions was not surprising given that all models have been
built to reproduce historical emissions-to-concentrations, what is surprising is the response
to emissions starting in 2022 when emissions are dropped to net-zero. Figure 3.4 shows
atmospheric CO2 concentration in the historical (pre-2022) and after a hypothetical drop
to zero emissions (post-2022). The spread in COg concentration across SCMs reaches a
maximum of 57.7 ppm 49 years following cessation of emissions (compared to a maximum

spread of 23.4 ppm in 2021, the last year of historical emissions).
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Figure 3.3: Historical: CO4 concentration for all models. Modeled atmospheric CO2
from historical emissions compared to global observations of COy concentration from Lan

et al. (2024).
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Scenario: 500 Pg C emissions pulse

In response to the 500 Pg C pulse, a large initial spread across models of more than 150
ppm is driven by a sharp decrease in airborne fraction due to FalR’s shortest carbon uptake
timescale, which causes FalR to show a sharp decrease in atmospheric COsy during the
first four years of the scenario. After this initial divergence, the models see a secondary
maximum spread 68 years following net-zero of 53.6 ppm (between FalR and HECTOR)
driven by a more rapid decline in atmospheric COs in HECTOR, compared to FalR. The

spread in modeled COy concentration only slightly declines after this point.

From this pulse experiment, we can detect that long-term differences in atmospheric
CO2 can be traced back to differences in rates of carbon removal in the first 200 years

following the decrease in emissions to net-zero.

The spread in atmospheric CO4y concentration across models leads to a corresponding
spread in the temperature response in the pulse_500PgC emissions scenario. Temperature
differences persist and increase slightly after year 200, leading to a 0.23K range in mean

global temperature anomaly after 1000 years.

1000 PgC Scenarios: esm-bell1000PgC and esm-flat10-zec

In both the esm-bell-curve (Figure 3.6) and the esm-flat10-zec (Figure 3.7) emissions sce-
narios, the SCMs develop a spread in atmospheric COs in the first 200 years following the
beginning of decarbonization (years 50-100 for the esm-bell1000PgC scenario and year 100
for the esm-flat10-zec). Similarly to the pulse_500PgC' scenario, the spread in CO2 concen-
tration stabilizes after the first 200 years and persists until the end of the simulation. The
concomitant spread in global mean temperature increases and persists, largely driven by
the unique evolution of HECTOR’s CO4 concentration. The timing of HECTOR’s carbon
sinks lead to a consistent kink in atmospheric COy approximately 80 years after net-zero in

all scenarios.
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Figure 3.5: 500 Pg C Pulse: CO2 and temperature. Modeled atmospheric CO2 and

global mean surface temperature for all models in response to a 500 Pg C pulse of CO5 in

year 0.
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Figure 3.6: ESM Bell Curve: CO> concentration and temperature. Modeled at-
mospheric COs and global mean surface temperature for all models in response to the

esm-bell1000PgC' emissions scenario
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Figure 3.7: Flat10: CO> concentration and temperature Modeled atmospheric CO4
and global mean surface temperature for all models in response to the esm-flat10-zec emis-

sions scenario
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3.3.8 Models disagree on long-term global temperature response.

Overall, in all scenarios, the spread across SCMs in CO» concentration and global temper-
ature anomaly increases following net-zero emissions. The spread increases to a maximum
between 50 and 200 years after net-zero with minimal decrease in spread afterward.

Figure 3.7 shows the carbon and climate response across models in the esm-flat10-
zec scenario. While some differences emerge in the emissions phase (before year 100),
which can be seen in Figure 3.8, the difference in ZEC, or the temperature evolution after
decarbonization can be compared in Figure 3.9, in which all models begin with respect to
their own TCRE at year 100 and the evolution of temperature with respect to TCRE1000
is show. This illustrates that the behavior of the long-term sinks varies from each other,
leading to a widening spread in ZEC over the first 200-300 years, and allow the spread to
stabilize but not shrink over the following 600 years.

Figures 3.8 shows the comparison of TCRE+ZEC50 in SCMs (squares). While SCMs
exhibit differences in TCRE and appear to converge after 50 years, this convergence is
only temporary, marking the approximate point where the temperature anomalies of FalR,
FalR _bgc, and MAGICC shift position. If the clock were stopped at ZEC50, it might look
like the sum of TCRE and ZEC is consistent across these three models, but over time,
the change in temperature driven by ZEC outweighs the TCRE, and the models display a
spread of about 0.5°C by year 1000 of simulation.

In Figure 3.8, are the TCRE4+ZECH0s calculated from the same esm-flat10-zec emis-
sions scenario for a selection of ESMs participating in a Flat10 intercomparison project for
context. Fifty years after net zero, ESMs have a range in total temperature response of over

1°C.

3.8.4 Structural differences between SCMs lead to different carbon cycle outcomes and

climate responses

HECTOR, MAGICC, and FalR_bgc allocate carbon to physical pools corresponding to the
terrestrial and ocean carbon cycles. Figure 3.10 shows how those pools are allocated in

the esm-flat10-zec scenario. Notably the largest differences are in long timescale carbon
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Figure 3.8: TCRE from esm-flat10-zec. For each year in the esm-flat10-zec simulation,
we calculate the slope of the TCRE (using all preceding years’ emissions). We multiply each
year’s TCRE by its cumulative emissions to obtain the inferred global temperature anomaly
in Kelvin. Shown in dots are each SCM’s inferred global temperature anomaly calculated
from the TCRE vs. cumulative emissions. Corresponding squares are plotted showing the
ZEC50 relative to the TCRE1000 (rightmost circle represents for each SCM). The difference
between each model’s square and last circle is the value of ZEC50. We display the TCRE
and ZEC relative to each other this way in order to illustrate the relative contributions to
total temperature change. We also include TCRE1000 (circles) and corresponding ZEC50
(squares) in the same way for several ESMs that have run the same esm-flat10-zec experi-

ment.
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Flatl0 ZEC over time
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Figure 3.9: ZEC over time in esm-flat10-zec scenario. Global mean temperature
anomaly relative to TCRE1000 for each year, starting in year 100 (time of net-zero).
FalR_default is shown in orange, MAGICC in purple, HECTOR in blue, and FalR_bgc

in green. Grey shading indicates years over which ZEC50 is averaged when reported.

pools — ocean and soil pools. During the period with the largest differences in atmospheric
CO2, HECTOR allocates more carbon to soil pools than to detritus or live vegetation pools
put together. Whereas MAGICC and FalR_bgc allocate larger amounts of carbon to live
vegetation (leaves, wood, and roots). FalR_bgc allocates the least amount of carbon to

ocean pools.

Finally, we compute an RCB for each SCM, shown in Figure 3.11a, using a warming
threshold of 1.5°C and a ZEC100 from the esm-flat10-zec. We compare the rates of required
decarbonzation across models by expressing the RCB as an linear ramp-down in emissions
necessary to keep warming at or below 1.5°C. With a linear decrease in emissions starting
in 2021, we find that FalR should achieve net-zero by 2026, FalR_bgc by 2074, HECTOR
by 2035, and MAGICC by 2043. A range of about 250 Pg C corresponds to a range of 50

years in net-zero date.
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200 Flat10: Carbon Cycle
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Figure 3.10: Change in carbon pools for esm-flat10-zec. For FalR _bgc (green), HEC-
TOR (blue), and MAGICC (purple), time evolution of carbon pools for the esm-flat10-zec
experiment relative to year 0. Solid lines in the ocean pools indicate the sum of the non-
surface pools; dashed lines represent the total ocean pool size. MAGICC’s total ocean

carbon is plotted as the purple dash-dot line.
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Figure 3.11: Remaining carbon budgets across models. a Remaining carbon budget
in the default configuration for each model, given a historical warming rate beginning in
1950. b Implied necessary ramp-down in emissions beginning in 2021 to keep warming

below a warming threshold of 1.5°C above pre-industrial temperature.
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3.4 Discussion & Conclusions

How does the carbon cycle structure in an SCM influence the magnitude and timing of
warming in decarbonization scenarios? In the historical simulation, spread in the COq
concentration response to emissions emerges after emissions cease, suggesting that struc-
tural uncertainty in the carbon-climate system may be largest after emissions stop. In the
idealized simulations, the spread in global mean temperature emerges in the 50-200 years
following emissions cessation. If we compare the esm-flat10-zec TCRE1000 (Figure 3.8)
and the corresponding long-term evolution of ZEC (Figure 3.9), we see a larger spread in
temperature change across models in the long-term ZEC than in the TCRE1000. How-
ever, differences in ZEC alone cannot account for the differences in RCB. FalR_bgc consis-
tently has the most negative ZEC (strongest post-net-zero cooling), but it also exhibits the
strongest TCRE (strongest pre-net-zero warming). HECTOR consistently has the second
most negative ZEC, but its RCB is smaller than MAGICC’s. HECTOR also has the small-
est TCRE1000 (slightly smaller than FalR’s). As a result, for the same COg emission, more
historical warming may be attributed to non-COsy forcing in the RCB calculation, leading
to a decrease in the RCB. In this way, while the ZEC may have direct RCB consequences,
small differences in non-COy warming implied by differences in the TCRE contribute to dif-
ferences in the RCB. Previous work has shown that non-CO2 emissions are a strong source
of uncertainty in the RCB (Rogelj et al., 2016; Tokarska et al., 2018; Lamboll et al., 2023);
however, in our experimental setup in each of these models, only differences in the COq

cycling drive these implied effects.

We can begin to explain differences modeled TCRE and ZEC by examining how each
model allocates carbon across its different pools. From Figure 3.10, which shows the evolu-
tion of land and ocean carbon sink reservoirs in FalR_bgc, HECTOR, and MAGICC from
the esm-flat10-zec scenario, we can see that FalR_bgc allocates the least amount of carbon
to its terrestrial soil carbon pools and the most carbon to its live pools. HECTOR, by con-
trast, allocates more carbon to its soil pool and less to its live pool. In the ocean, by year
200 (100 years after emissions cease), FalR_bgc has allocated over 100 Pg C less carbon to
its total ocean carbon pool. Additionally, HECTOR’s soil pool shows a strong response to
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emissions, increasing rapidly during the first 100 years and decreasing rapidly afterward. By
contrast, HECTOR’s ocean carbon pool continues to increase even after emissions cease,
which contributes to its negative ZEC. Generally, MAGICC sits between FalR_bgc and
HECTOR, but in the ocean, MAGICC initially sees the strongest growth in total ocean
carbon and is overtaken by HECTOR only after emissions cease. While HECTOR’s larger
ocean carbon pools are compensated by smaller land carbon pools in the esm-flat10-zec
experiment, HECTOR generally shows a stronger total carbon sink during the emissions
phase (because of the ocean) and the lower atmospheric burden during these first 100 years
contributes indirectly to HECTOR’s low RCB. FalR _bgc achieves the strongest TCRE and
the most negative ZEC by allocating more carbon to short timescale land carbon pools, and
as a result of its strong ZEC, FalR_bgc has the largest RCB.

In this study, we perform a first-step model intercomparison project (MIP) with particu-
lar focus on carbon cycle structure in the types of SCMs being used to scope decarbonization
pathways. We find that differences in carbon cycle structure can meaningfully influence the
timing and amount of expected warming during decarbonization scenarios without chang-
ing historical airborne fraction. This underscores an inherent lack of knowledge about the
principle dynamics at play in decarbonization scenarios.

Our main conclusion from this work is that structural diversity in carbon cycle rep-
resentation in these simple climate models leads to a difference in warming response due
to differences in how the carbon is allocated across the Earth system. As emissions are
increasing, these differences may not influence the overall trend in atmospheric COg, but
in decarbonization scenarios it changes the climate response. This can be seen most clearly
in the esm-flat10-zec experiment and validated in other emissions scenarios, like the esm-
bell1000PgC, we see the same divergence when emissions begin to decrease.

This work highlights the need for emissions-forced decarbonization runs in ESM that
can help us train emulators to get the right answer for the right reasons (building reliability
and insight).

Secondly, it highlights the danger in using only one SCM to project carbon cycle changes
in response to mitigation scenarios. A better approach is to use at least two with different

approaches to emulation.
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Finally, it motivates the following questions, which will be addressed in the next chapter:
(1) What are the timescales of carbon uptake in the long-term, and how different are they
from each other in each carbon cycle representation? (2) How sensitive are these uptake
timescales to choice of parameterization?

In this chapter, we calibrate the analyzed models loosely to the historical record and
as a result produce a wide range of climate outcomes. This choice is made because there
are many ways to calibrate these simple models. By running these models in their default
configuration with minimal calibration to the historical period, we illustrate the risk of
running these models in isolation, as they often are. While these models are built to be
able to be calibrated to various ESMs, choice of calibration can be subjective and lead
to different climate outcomes (Sanderson, 2020). By using the default configuration, we
attempt to be agnostic to this choice, but are also subject to varying biases in calibration.
For that reason, in the following chapter, we take a secondary approach to calibration in

order to minimize the influence of this source of spread.
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Chapter 4

CHARACTERIZING CARBON SINK RESPONSES TO
DECARBONIZATION ACROSS MODEL STRUCTURES

Abstract

Complex models of the Earth system, are increasingly able to represent details of the carbon-
climate system, but a variety of simple climate models (SCMs) use simplified, parameterized
representations of the Earth system, which make them easily deployed tools for climate mit-
igation assessment and accessible tools for conceptual understanding. However, these SCMs
vary in their approach to simplifying the Earth system, especially in their representation of
the carbon cycle. In this chapter, we begin by examining how two different carbon cycle
structures within one SCM, FalR, differ in their projections of future climate under idealized
decarbonization. We find that differences in carbon cycle structure lead to differences in the
timing of carbon sinks especially at long timescales but that these differences do not lead to
or explain differences in warming under the same decarbonization emissions scenario. Dif-
ferences in the metrics of warming are instead primarily controlled by assumptions about
climate feedbacks and non-carbon cycle forcing, which are parameterized separately from
carbon cycling. However, when we introduce a physically-motivated link reflecting the con-
nection between ocean circulation and energy balance, we see a change in the set of climate
feedbacks necessary to explain our observed carbon-climate system. As a result, projections
for future warming are shifted, and the measures necessary to mitigate climate impacts are

also changed.

4.1 Introduction

The IPCC’s bases its assessment of Earth’s habitability for future human populations on
a framework that uses indices of vulnerability, severity, and persistence with respect to

climate hazards. In its Special Report on Global Warming of 1.5°C, the authors find that
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a change in near-surface air temperatures between 1.5 and 2°C leads to higher risks due to
climate change across these indices (IPCC SR1.5, 2018).

To limit warming to habitable levels, it it will be necessary to cease emissions entirely
(Matthews and Caldeira, 2008; Allen et al., 2009; Solomon et al., 2009). As global tech-
nologies and economies transition to meet this goal, methods have been developed to place
an upper limit on the amount of COs that can be emitted without exceeding international
warming limits (Rogelj et al., 2019; MacDougall et al., 2020; Jones and Friedlingstein, 2020;
Damon Matthews et al., 2021). The CMIP process explores possible futures using ESMs,
but as discussed in Chapter 3 simple climate models (SCMs) offer an opportunity to explore
many more possible options due to their computational efficiency. In Chapter 3, we show
that SCMs differ in their projection of climate under decreasing emissions.

It may not be surprising that SCMs disagree on how the climate will respond to de-
creasing emissions since our understanding of the carbon-climate system has been almost
entirely validated in an increasing-emission regime. In this chapter, we investigate exactly
which processes in our understanding of the carbon-climate system are responsible for the
spread in projected climate response to decreased emissions. We focus on one simple climate
model, FalR, described in more detail in Chapter 3.

In FalR, differences in carbon cycling influence global mean temperature through changes
in the atmosphere burden, which is then used to compute radiative forcing and temperature
by the energy balance model. Carbon cycling is represented by four pools with characteristic
timescales of carbon removal from the atmosphere. In Chapter 3 we saw that assumptions
about the structure of the carbon cycle, including how carbon is passed between reservoirs
within the land or ocean, influence the behavior of carbon removal from the atmosphere.
We also know that many of these processes are temperature-dependent in some way (i.e.
through changes in soil respiration or ocean stratification). Within FalR, temperature also
feeds back on the timescales of carbon removal from the atmosphere through parameters
in the carbon cycle module that represent sensitivities to atmospheric temperature (Smith
et al., 2018; Leach et al., 2021).

In Chapter 3, we introduced two metrics that can be used to to characterize the biogeo-

chemical response to CO4 emissions, the transient response to cumulative carbon emissions
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(TCRE) and the Zero Emissions Commitment (ZEC). Both quantities are measurements
of temperature change in response to emissions and constitute the most important com-
ponents of the remaining carbon budget (RCB) (MacDougall, 2016; Rogelj et al., 2019;
Damon Matthews et al., 2021). The ZEC is the amount of global mean temperature change
predicted to occur after emissions completely cease, and the TCRE describes the propor-
tionality between COg-induced warming and cumulative COs2 emissions up to the same
point. By definition, the TCRE does not account for the delayed warming response to COq
after emissions reach zero, and the ZEC only accounts for this delayed response. Taken
together, the TCRE and the ZEC can describe the full climate response of an emissions
pathway, when calculated from the same scenario (Krasting et al., 2014; MacDougall, 2019;
Koven et al., 2022).

Previous work constraining the TCRE has found that Earth system models generally
exhibit higher TCREs than best estimates from observations. This discrepancy has been
attributed to strong negative radiative forcing from aerosol emissions, relatively low diag-
nosed cumulative emissions in models (from concentration-driven experiments), in addition
to strong COgz-induced and non-CO2 warming in models (Millar and Friedlingstein, 2018).
The role of the ZEC has only recently received more attention related to its contribution to
the RCB. This is partly due to the approximation that continued warming after emissions
cease would be balanced by continued removal of atmospheric COg by carbon sinks (IPCC
SR1.5, 2018).

The fact that the ZEC is an empirical quantity that emerges from the coupling of cli-
mate and the carbon cycle gives it powerful applicability, but makes its physical meaning
difficult to (a) interpret and (b) distinguish from other “committed” warming metrics such
as the “constant emissions” and the “constant composition” commitments and (c) charac-
terize with meaningful uncertainty (Palazzo Corner et al., 2023; Damon Matthews et al.,
2021). Using simulations in the UVic ESCM, Ehlert and Zickfeld (2017) show that because
thermal and biogeochemical processes are connected, the ZEC can be interpreted as a bal-
ance between the timescales of biogeochemical relaxation and thermal equilibration. They
find that thermal equilibration has a stronger influence on the ZEC and that the rate of

emissions reduction toward zero has a strong control on its magnitude. Previous quantifica-
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tion of the ZEC relied on experimental setups that included unrealistic termination shocks
(in atmospheric CO2 concentration), and differences in inferred emissions pathways (IPCC
Working Group I, 2021a). In response, recent efforts have been made to stress the impor-
tance using idealized emissions-forced experiments to quantify the ZEC (Koven et al., 2022;
Jones and Friedlingstein, 2020; Sanderson et al., 2023). New idealized model experiments
show that the ZEC can be partially realized before net-zero emissions in a ramp-down emis-
sions scenario, illustrating that the ZEC can be understood to be the deviation from the
path-independence of the TCRE relationship than as a measure of the committed warming
after reaching net zero (Koven et al., 2023). Finally, a recent review of the processes that
might influence the ZEC shows that processes that influence both our ability to constrain
future ocean heat uptake, the ocean biogeochemical cycle, the land carbon cycle, and phys-
ical climate feedbacks will have bearing on both TCRE and ZEC, with implications for the
climate mitigation planning Palazzo Corner et al. (2023).

It can be seen both in the broader context and from the results of this analysis that
while the TCRE and ZEC may be quantified separately, they are very entangled parts of a
total climate response to cumulative emissions.

In this chapter, we seek to understand which aspects of our representation of the carbon-
climate system within simple climate models exert control on carbon sinks and how they
subsequently influence carbon budgets for climate mitigation. To do this we focus on two
versions of the FalR model, the first is FalR as from the published literature (FalR_default),
and the second is a modified version of FalR that we created called FalR_bgc. FalR_bgc
has an identical energy balance component to FalR_default, but the simple gas cycle model
from FalR has been replaced with a 9-box terrestrial carbon cycle and a 7-box ocean carbon
cycle (Parton et al., 1987, 1988; Toggweiler, 1999) (see further discussion in Chapter 3). We
compare these two SCMs, and investigate the role of both carbon cycle representation and
links between carbon cycling and heat uptake of the ocean.

In its default version, FalR removes carbon from the atmosphere according to four
timescales, a7;. If the fixed characteristic timescales of removal, 7;, were representative of
different carbon sinks, we could compare the allocation carbon between the different pools.

Smith et al. (2018) offer some interpretation of the four timescales: the longest timescale
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(10 = 10? years) can be interpreted as a carbon sink from rock weathering; the next timescale
(11 = 394.4 years) as carbon taken up into the deep ocean; the next (7o = 36.54 years) as
carbon taken up into the terrestrial biosphere; the shortest (7 = 4.304 years) as carbon
uptake into the surface ocean reservoir. However, as described by Leach et al. (2021), these
timescales of uptake do not formally correspond to representations of carbon cycle reser-
voirs, but were diagnosed from a series of pulse experiments that contained carbon cycle
representations and are emergent timescales. Neither do these pools correspond to compa-
rable land or ocean sink reservoirs in comparison to the FalR_bgc reservoirs. In contrast
FalR _bgc contains these reservoirs explicitly, and the processes that control the cycling of
carbon between the atmosphere, land, and ocean reservoir (including photosynthesis, res-
piration, gas exchange in the ocean, and circulation), are explicitly represented through
parameterizations.

This comparative analysis is done because the construction of FalR is such that energy
balance, and by consequence the model’s temperature evolution, is represented separately
from carbon cycling and concomitant carbon sink evolution. This divided construction,
described below in Methods, is not unique to FalR. Other SCMs, including HECTOR, and
MAGICC, also use separate modules with independent parameterizations of carbon cycling
and energy balance to represent the carbon-climate system.

In this chapter we first compare carbon cycle processes to thermal processes in their
influence on carbon sink rates. We then examine how differences in carbon sink rates lead
to differences in climate in an idealized decarbonization scenario. As a final step, we examine

how differences in the biogeochemical representation lead to differences in long-term climate.
4.2 Methods

We use the esm-flat10-zec decarbonization scenario to quantify the TCRE and ZEC us-
ing a perturbed parameter experimental approach. For each model, a unique perturbed
parameter ensemble (PPE) is generated according to the structure of the carbon cycle.
Constructing the PPE allows us to sample across the range of climate responses within each
model structure and to further investigate which aspects of the carbon cycle exert the most

influence on the carbon cycle response.
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After identifying any differences in the long-term temperature response to emissions,
we investigate differences in the carbon cycle representations themselves. To do so, we fit
exponential memory functions that reproduce the timescales of each models’ total carbon
sink. This approach allows us to compare across model structure and systematically identify
which elements of carbon cycle timescales contribute most to differences in carbon cycle
response to decarbonization.

Finally, we would like to identify to what extent the differences in carbon sink timescales
influence long-term temperature evolution response to decarbonization and if there are

differences between models.

4.2.1 Models

We use FalR_default and FalR_bgc in this chapter.

FalR_default contains an energy balance model for computing global temperature and
a so-called “gas cycle” model for computing the evolution of greenhouse gas and aerosol
constituents in the atmosphere. The models are linked through atmospheric concentration
— effective radiative forcing (ERF) relationships for each constituent. We modify the default
version of FalR (FalR_default) to create FalR_bgc by removing its carbon cycle module and
replacing it with a more complex carbon cycle module.

Briefly, FalR_default represents total carbon uptake by the global sink as exponential
decay using four timescales of carbon removal operating on emissions equally (see further
description in Chapter 3). FalR_bgc represents carbon uptake from the atmosphere by land
with a nine-box carbon cycle model and by ocean with a seven-box carbon cycle model (see
more description in Chapter 3).

We devote this section to describing the thermal component of FalR (which is used
in both FalR_default and FalR_bgc) and the parameters that are perturbed within both
models.

To compute surface temperature from ERF, it uses a three-layer energy balance model
described in detail in Cummins et al. (2020). These models are linked through forcing from

atmospheric COy concentration (as well as other greenhouse gases).
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Each of the three vertically stacked layers has a temperature, T, and heat capacity, C.
The transfer of heat from Layer 1 to Layer 2 and subsequently to Layer 3 represents the
represents the thermal inertia of the mixed layer ocean and deep ocean and as a result
determine the timescales of warming in each layer (see Figure 1 of Leach et al., 2021). The
parameters within the energy balance model control the transfer of energy between the
three layers of the energy balance model. They include clim kappal, which is the “climate
feedback” parameter, denoted as k1 or A more often and is the functional inverse of climate
sensitivity, such that an equilibrium response to radiative forcing, F' can be written as the
linear relation between GMST anomaly, 77 and TOA net downward radiative flux change,
N: N(t) = F(t) — k1 T1(t) (Gregory et al., 2004; Cummins et al., 2020; Leach et al., 2021).

The heat transfer coefficients, ko and k3 control the transfer of energy between the first
and second and the second and third layers, respectively.

dT

1 k= F(t) = 1 Ti(H) = s (11 = T) (4.1)

Another parameter within the energy balance model that contributes to the variance
in the TCRE and ZEC is ¢, the “efficacy factor” parameter, which adjusts the temporal
variation in the relationship between 77 and N. This efficacy factor is based on Held et al.

(2010).

N(t) = F(t) — 51 Ty + (1 — €)r3(Ts — Th) (4.2)
Oy % = ka(Ty — o) — ki3(1 — €)(Tp — T) (4.3)

In this chapter, as in Ch. 3, we replace the FalR_default carbon cycle module with a
more complex carbon cycle model. We refer to this coupled construction in this chapter as
FalR _bgc, to indicate the explicit representation of biogeochemical processes as its param-
eters. Briefly, FalR _bgc cycles carbon through its 9-box terrestrial carbon cycle box model
and its 7-box ocean carbon cycle model. The land model is based on the CENTURY land
carbon cycle model (Parton et al., 1988) and uses parameterizations of photosynthesis by
leaves and respiration by litter and soil to exchange carbon with the atmosphere. The ocean

model is a reproduction of Toggweiler (1999), with gas exchange at four surface boxes, and



71

a prescribed circulation and transport of carbon between boxes (see further description in

Chapter 3).

Perturbed energy balance and carbon cycle parameters in FalR_default

We use FalR’s calibrated, constrained ensemble, version 1.2.0 (Smith, 2023) to determine
the bounds of eleven parameters that determine the model’s climate response to emissions.
These include eight parameters that are used in the FalR’s three-layer energy balance model
and three parameters used in FalR’s CO; gas cycle. Three additional energy balance model
parameters are also perturbed in both ensembles but are used only when the stochastic
variability component is activated in FalR. We do not use stochastic variability in our
forcing, and as a result, these parameter changes have no significant effect. We thus do not
include them in our experimental descriptions.

The three carbon cycle parameters, denoted with cc_ prefixes, are used to calculate the
lifetime adjustment parameter, «, at each time step as described by Leach et al. (2021).
The parameters we modify include cc_r0, which is the strength of preindustrial uptake from
the atmosphere, cc_ru, the sensitivity of uptake to the cumulative sink of CO,, and cc_rT,
the sensitivity of uptake to temperature change since the beginning of the simulation. We
sample across values for all parameters that are used in the non-stochastic, three-layer energy
balance model, described in Cummins et al. (2020) with the exception of preindustrial COq
concentration. The bounds of each perturbed parameter is given in Table 4.1.

We generate a 1,000-member ensemble of parameter sets sampled across these three
carbon cycle parameters as well as the eight energy balance parameters using a Latin Hy-

percube random sampling technique.

Perturbed carbon cycle parameters in FalR_bgc

In FalR_bgc, in addition to the energy balance parameters described above we perturb five
parameters that characterize important carbon cycle feedbacks. They include two param-
eters that characterize biogeochemical feedbacks in the terrestrial carbon cycle (beta_550

and q10_resp) and three in the ocean carbon cycle (kwScalar, PsiScalar, and dPsidb).



72

Parameter, variable (units)

Min.

value

Max.

value

FalR energy balance parameters (see

Cummins et al. (2020))

climcl, C; (W yrm=2 K1) 2.02 7.77
clim_c2, Cy (W yrm=2 K1) 7.16 66.5
clim.c3, C3 (W yr m—2 K1) 26.3 371
clim kappal, x1 (m~2 K1) 0.581 2.60
clim kappa2, kg (m~2 K1) 0.605 8.64
clim_kappa3, ko (m~2 K1) 0.00933 2.80
clim_epsilon, € (unitless) 0.0391 1.93
clim F_4xC02, Fyxco, (W m™2) 4.29 10.8

FalR _default carbon cycle parameter

s (see Leach et al. (2021))

cc_r0, 7o (unitless) 26.9 41.7
ccru, 1y ((Pg COz)™Y) -0.00643 0.0118
ccrT rp (K1) -2.85 8.04
FalR_bgc carbon cycle parameters

beta 550, 3550 (unitless) 1.48 1.73
Q10_resp, Q1o (unitless) 1.51 2.48
kwScalar, Sk, (unitless) 0.531 1.98
PsiScalar, Sy (unitless) 0.505 1.97
dPsidb, Syy/qp (unitless) 0.204 0.974

Table 4.1: Parameter bounds for FalR and FalR_bgc
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We describe each parameter and how it is used in the FalR_bgc carbon cycle below:
beta_550, (550: CO. fertilization is parameterized as (559, a rate ratio of NPP to change

in atmospheric COq, where

Bss0 — 1

In(550/365) (44

Bfert =

NPP(t) = NPPy x NPPfac X (14 e X 1n(Cc§t))) (4.5)
0

The scaling factor, NPPfac, accounts for the fact that within FalR_bgc, a seasonal cycle
is interpolated. As (550 increases, (e also increases, increasing the response of NPP to
atmospheric carbon.
ql0_resp, (Q1o: rate ratio of respiration of terrestrial vegetation taking place at temperatures
differing by 10 °C or K.
kwScalar, Sk,: Scaling factor for piston velocity in units of meters per day, regulating
the flux of CO2 between the ocean and the atmosphere at the surface. Piston velocity in
the FalR_bgc ocean model operates on surface ocean boxes scaled by the fraction without
ice, which is 0.9 for all boxes except the low-latitude surface box, which has an open-water
fraction of 1.

For each surface box, i, effective kw is calculated from the scaling factor, the fractional
ice coverage, F' (0.1 in all surface boxes except the low latitude box, where it is 0), and the

default piston velocity, kwg, which is 3 m/s.

Fgas:c,z' = sz Az Ksol (Cw,i -« Ca) (47)

Fyusq is the air-sea gas exchange flux, and A is the surface area of each ocean box.
PsiScalar, Sy: Scaling factor for circulation. Carbon is circulated between ocean boxes
at transport rates representing large-scale circulation patterns representative of the North
Atlantic Deep Water (NADW) overturning, Antarctic bottom water overturning (AABW),
Thermocline overturning, and convective mixing. Each as specified overturning rates, and

all scaled uniformly by Sy.
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dPsidb, Sgy/q: Climate response of ocean circulation. This sensitivity parameter scales
overturning in the ocean to the total buoyancy gradient (between the Antarctic bottom
water and low-latitude surface boxes).

It should be noted that while the carbon cycle model contains boxes with spatial relations
as well as ice coverage, the atmosphere is uniform, and when passing information to the en-
ergy balance model, no spatial information is included. Thermal calculations are performed

separately and do not involve any considerations except for ERF from COs concentration.

Additional perturbed parameter ensembles

In addition to the standard perturbed parameter ensembles for FalR_default and FalR_bgc
we create two modified parameter ensembles for FalR _bgc.

First, we explore the behavior of FalR_bgc if the parameter controlling heat transfer
between the surface ocean and deep ocean, denoted by k3 is held fixed, while all other
parameters are varied. We remove variation in FalR’s k; parameters by setting a constant
value for each k parameter, taken as the median value from the top 100 ensemble members as
constrained by only CO2 concentration. For all other parameters in FalR_bgc, we construct
a second Latin Hypercube perturbed parameter ensemble. This experiment is denoted as
‘cnst_k’. We run both the historical and esm-flat10-zec experiments and calculate three-
timescale exponential memory functions for each ensemble member constrained to both
historical CO5 and historical temperature.

Second, we explore the behavior of FalR_bgc if the parameter controlling heat transfer
between the surface ocean and deep ocean, denoted by k3, is correlated with the ocean
circulation rate, Sy. To do so, we conduct a second experiment in which we correlate the
variation in PsiScalar parameter and k3 parameter values. This experiment is denoted as
‘corr_kp’.

To construct the correlated ensemble, we remove the PsiScalar parameter from the
Latin Hypercube parameter sampling and generate a set of clim kappa3. We use the slope
computed from the upper and lower bounds for each parameter (see Table 4.1) to set a

relationship between the two parameters. Once we have a range of parameter values for
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Correlated parameter values for clim_kappa3 and PsiScalar
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Figure 4.1: Correlated parameter values. Parameter values within correlated

PsiScalar and k3 parameter ensemble used in FalR_bgc-corr_kp experiment.

clim kappa3 from the Latin Hypercube, in order for PsiScalar’s values to stay within the
parameter bounds, we create a temporary clim kappa3 array by normalizing to a smaller
range (+/- one standard deviation of the total clim kappa range). From this normalized
array, we calculate PsiScalar’s values using the computed slope and add noise to the

PsiScalar values.

The correlation in parameter values can be seen in Figure 4.1. We run historical and esm-
flat10-zec experiments, and again calculate three-timescale exponential memory functions

for each ensemble member constrained by both CO4 and temperature.

In all experiments we include constant concentrations of CHy (808.24 ppb) and NO
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(273.02 ppb).

4.2.2  Calibrating and constraining the ensembles

There are many ways to constrain models to observations, and as models advance, the meth-
ods used to calibrate and constrain them will evolve. We take a straightforward approach,
and for each of the ensembles, we tested three observations to constrain our ensemble to

parameter combinations that match the historical period.

Constraining by global mean temperature trends

First, we constrain the ensembles using historical trends in global mean surface tempera-
ture. We use the observed temperature record from Forster et al. (2023). As is done with
FalR (Smith et al., 2018; Smith, 2023), we select the model-driven temperatures that fall
in observational uncertainty following Thompson et al. (2015), which compares the regres-
sion slope of the modeled temperature to the slope of observed temperatures using a 90%
confidence interval. The method includes autocorrelation between years. Observed tem-
perature change is also driven by non-COs forcing, but in our simulations, we hold CHy
and NO concentrations constant and do not drive the historical simulations with any other
emissions forcing except COz. Thus, while we do not expect the modeled temperature
change to match up completely to observations, to account for non-COs-driven warming,
we constrain for climate feedback parameters that produce climate responses that match
our record of CO4 emissions with observed warming. Using this method, 341 FalR _default

and 411 FalR_bgc ensemble members fall within this temperature trend constraint.

Constraining by atmospheric COs growth rate

Second, we constrain the ensembles to a range of uncertainty in records of atmospheric
growth rate (GR). We use 2.5 times the reported uncertainty in CO2 GR from NOAA GML
between 1959 and 2021. Reported ranges of uncertainty are higher for the period between
1959 and 1979, but we compare our total uncertainty to total uncertainty throughout the

period of record. 418 FalR_default and 603 FalR_bgc ensemble members fall within this
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Figure 4.2: Constraining to observed temperature. Timeseries of historical emissions-
driven temperature change (relative to 1850) for FalR and FalR_bgc during the period of
record, 1850 to 2021. For both models, ensemble members that fall within a 90% confidence
interval around the mean regression slope are indicated in orange, and ensemble members

that fall outside this range are shown in grey.



78
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Figure 4.3: Constraining to observed CO; growth rate. Timeseries of historical
emissions-driven growth rate of atmospheric CO» for FalR and FalR_bgc during the period of
observation, 1959 to 2021. For both models, ensemble members that fall within a constraint
of 2.5 x the reported uncertainty in COo GR are shown in orange, and ensemble members

that fall outside this constraint are shown in grey.

COy growth rate constraint.

Constraining by atmospheric COo

Third, we constrain the ensemble to within a range of uncertainty in records of atmospheric
COg2 mixing ratio as reported by NOAA’s Global Monitoring Laboratory (GML) as driven
by historical emissions.

While the atmospheric CO4 record is known to high precision, records of global CO2
emissions have larger levels of uncertainty. As in chapter 3, we use historical emissions as

reported by the Global Carbon Project between 1979 and 2021 (Friedlingstein et al., 2022;
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Forster et al., 2023). Additionally, we drive each of our models using only emissions of COq
from fossil fuels and land use change, the real atmospheric COq record will be influenced by
more than just COs emissions. As a result, we constrain our ensemble to within 100 times
the uncertainty in NOAA GML reported global mean CO2, a somewhat arbitrary limit.
The annual average reported uncertainty is 0.06 ppm. Our limit allows for an annual error
of about 6 ppm. Despite the inflated uncertainty bounds COs mixing ratio was the most
restrictive of our constraints. Each ensemble begins with 1,000 members. 310 FalR _default
ensemble members and 452 FalR_bgc ensemble members ensemble members fall within the

CO3 concentration constraint.

For our analysis we want to match the historical behavior of both energy cycling and
carbon cycling. Therefore we select the ensemble members that satisfy both the temper-
ature and the COs concentration constraints, which results in 111 ensemble members for
FalR_default, and 177 ensemble members for FalR_bgc. This is a departure from what has
done in prior work, where CO2 has not been used as a constraint on parameters Smith
et al. (2018); Meinshausen et al. (2009). More recent approaches to calibration of FalR now

incorporate a CO3 constraint (Smith et al., 2024).

4.2.8  Simulations

As described above, we perform a historical simulation, using global emissions data between
1850 and 2021 from Friedlingstein et al. (2022) for both fossil fuel (FF) and land use change

(LUC) to constrain the ensembles.

After selecting parameter combinations which fit within our tolerance of historical ob-
servations of temperature trends and CQOs concentration, we conduct decarbonization sim-
ulations using the esm-flat10-zec protocol that prescribes a constant rate annual emissions
at 10 Pg C/year (as FF) for 100 years, followed by 1000 years at 0 Pg C/year. The esm-
flat10-zec experiment provides an elegant experimental design for quantifying the TCRE

since the first 100 years produce a linear increase in cumulative emissions.
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Figure 4.4: Constraining to observed CO;, concentration. Timeseries of historical
emissions-driven atmospheric CO2 concentration for FalR and FalR_bgc during the period
of CO4 concentration observation, 1979 to 2021. For both models, ensemble members that
fall within a constraint of 100 x the reported uncertainty in CO2 concentration are shown

in orange, and ensemble members that fall outside this constraint are shown in grey.
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4.2.4 Analysis
Single exponential memory function

In order to compare carbon sinks across models, we define a set of simple exponential
memory functions that relate sink strength to prior emissions. To first order, we define a

single exponential memory function as:

S(t) = / "Bt ™S i, (4.8)
0

We use a non-linear least squares optimization to fit the memory function to a single
ensemble member and yield 7; and a; parameters for the function in Equation 4.8. Our
optimization method uses the Levenberg—Marquardt algorithm to fit data to non-linear
function using a damped least-squares minimization (Virtanen et al., 2020; Vugrin et al.,
2007). This method allows us to characterize individual ensemble members’ total carbon
sink timescales, and we apply it to ensemble members constrained by atmospheric CO9

concentration and temperature change for each model.

Diagnosed exponential decay timescales are used to describe each model’s total sink

Using the same optimization, we fit additional predictions for total carbon sink using a linear
sum of exponential functions. We use a 3-timescale memory models fit to esm-flat10-zec

sinks given in Equation 4.9.

t —(t—te) —(t—te) —(t—te)
S(t) = /0 E(te) (al e 1 +aze 2 +ag 67'3> dte (4.9)
We find that a 3-timescale memory function is sufficient to reasonably reproduce the
timeseries of total carbon removal for both FalR and FalR_bgc both in the emissions phase
and decarbonization phase (after year 100). Figure 4.10 shows the comparison between
various exponential fits. While FalR itself uses a four-timescale removal of carbon, the
longest timescale removes little carbon from the atmosphere even over 1000 years. The fit

triple exponential timescales have functionally the same form as the original FalR structure
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FalR_default Carbon Fluxes, flat10-zec (CO,- & T-const.)
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(a) FaIR carbon fluxes for 111 ensemble members constrained by CO2 and temperature.

FalR_bgc Carbon Fluxes, flat10-zec (CO,- & T-const.)
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(b) FaIR_bgc carbon fluxes for 177 ensemble members constrained by CO2 and temperature.

Figure 4.5: Carbon fluxes in esm-flat10-zec emissions scenario. Timeseries of CO»-

and temperature-constrained esm-flat10-zec carbon fluxes for each model’s reservoir are

shown. FalR was modified to compute these fluxes, since only the total sink is computed

by default. The x-axis is divided at 300 years to expand the first 200 years.
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cycle if the diagnosed sensitivity parameters sum to approximately 3/4, i.e. a; ~ 0.25 in

Equation 4.9.

TCRE and ZEC

To calculate the TCRE, we regress annual mean temperature on cumulative emissions over
the first 100 years of the esm-flat10-zec simulation, which are the only emissions years. In
this chapter we report the TCRE in most cases as the TCRE1000 (K), which is warming
expected from 1,000 Pg C (i.e. slope multiplied by 1,000 PgC). Quantifying the TCRE this
way allows us to more effectively compare the changes in temperature due to the TCRE
and the ZEC as temperature changes due to the same emissions.

The ZEC is the projected global mean temperature change relative to the temperature at
net-zero emissions and can be diagnosed at different points in time following the cessation of
emissions. The ZEC at year X is calculated as the average temperature change over the 20
years surrounding year X relative to the TCRE-implied warming. For example, to calculate
the ZEC5H0 from the esm-flat10-zec experiment, we take the average temperature from 40
to 60 years following the year of net-zero emissions (100 years after simulation start) and
subtract the TCRE1000. Though not expected to be a large factor in this experimental
design, this formulation accounts for any expression of the ZEC before emissions reach

cessation (Koven et al., 2023).

4.3 Results & Discussion

4.3.1  Carbon pools

We examine the differences between how models allocate carbon to their various carbon
sinks over the historical period. We first focus on the two primary models FalR_default and
FalR_bgc. In section 4.3.6 we discuss the variants with altered parameter distributions.
To compare carbon fluxes and total pools across models, we calculate the inferred reser-
voir allocation from for each a7; within FalR_default, and if we consider FalR._default’s
shortest timescale to correspond to an ocean reservoir, a3, the FalR_default’s total ocean

carbon flux would be larger than FalR_bgc by about 50 Pg C by 2021; whereas if the fast
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Figure 4.6: Comparison of historical global carbon budgets between FalR _default
and FalR _bgc. Carbon sources and sinks for historical simulations as annual carbon fluxes
in Pg C/yr. Positive values are carbon sources and negative values are carbon sinks. Both
models produce realistic airborne fractions of emissions (shown in pink) as an outcome of

different individual sink rates.

timescale is interpreted as being driven by land processes, FalR._default’s total land reservoir

would be similarly larger than the land pools in FalR _bgc.

Figure 4.6 shows annual carbon fluxes for the mean of each model’s CO2- and T-
constrained ensembles. ESMs generally estimate about a third of historical carbon emis-
sions have been taken up by the land sink and a third by the ocean sink (Friedlingstein
et al., 2023). Recent model assessments suggest that ESMs are limited in their ability to
accurately represent processes that govern the land carbon sink especially, identifying ob-
servational uncertainties, as GPP and respiration-related biases that exist across models
(Seiler et al., 2022). While the models are able to reproduce the airborne fraction of COq
(and are constrained to do so in this case), they differ in how carbon is removed from the
atmosphere. FalR_bgc estimates a stronger land carbon sink than ocean sink in ensemble
mean, with land making up about 67% of the total integrated sink of carbon since the

preindustrial time period.
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4.3.2 TCRE and ZEC computed from esm-flat10-zec

We estimate the TCRE and ZEC from a set of esm-flatl0-zec simulations using parame-
ter combinations constrained to match COs and trends in temperature over the historical
period.

Our estimated TCRE is consistent across models with both FalR_default and FalR _bgc
displaying a mean TCRE of 1.2 K/1000 PgC with positive skew. We find little to no
significant difference between models in TCRE (Figure 4.8).

The TCRE is a metric of the climate response to increasing cumulative emissions, an
emissions regime that is part of the observed historical period. These models have been
developed and tuned in the context of increasing emissions and tuned to reproduce observa-
tions of the real world carbon-climate system in an increasing-emissions regime. Therefore
it might be unsurprising to see that these simple models produce a similar TCRE. What
is less certain is how models behave in a decarbonization regime, as measured by the ZEC,
which is so far not part of our observational record.

Since the ZEC is intended to characterize the evolution of temperature after decar-
bonization, we diagnose it at several points after emissions reach net-zero: 20-, 50-, and
100-years afterward, as shown in Figure 4.9. The two models agree less on the value of the
ZEC, exhibiting consistent differences at the 95% confidence level using a Student’s t-test.

FalR_bgc shows a mean negative ZEC, while FalR_default displays a mean positive
ZEC, indicating slight warming after emissions have ceased. The distributions of the ZEC
diagnosed from each model diverge more strongly at longer timescales (Figure 4.9). Using
a Student’s t-test, we determine that the two constrained distributions are significantly
different from each other at the 95% confidence level starting just 50 years after achieving

net-zero (ZEC50).

4.3.8  Timescales of carbon sinks

To explain the differences in carbon sinks, we fit a set of increasing order exponential memory
functions to the different models’ carbon cycle responses, which allows us to compare the

various timescales of carbon removal between models.
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Figure 4.7: FalR _default and FalR _bgc CO:; and temperature in esm-flat10-zec
scenario. Top panel shows the evolution total atmospsheric CO5y for FalR_default and
FalR _bgc for each experimental configuration. Lower panel shows the evolution of global

mean surface temperature.
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Figure 4.8: Distributions of TCRE x 1,000 PgC cumulative emissions. Distribution
of TCRE1000 diagnosed from the esm-flat10-zec models and experiments, all constrained
to both CO2 and temperature change. FalR_default is shown in orange; FalR _bgc is shown
in green; FalR_bgc run with invariant k; is shown in yellow; FalR_bgc run with correlated

k3 and Spg; is shown in red.
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Figure 4.9: FalR and FalR _bgc ZEC over time. Panels show the distributions of ZEC

(K) for each model at 50, 100, 500, and 1000 years following net-zero in the esm-flat10-zec

emissions scenario. The legends includes the mean values for each model.
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Figure 4.10: Predicted carbon fluxes for esm-flat10-zec emissions scenaro using
exponential curve fits. Timeseries of total carbon sink fluxes with single-, double-, and
triple-exponential curve fits using emissions and sink responses over the entire simulation

time period for FalR_default (top panel) and FalR_bgc (lower panel).

Total sink responses in FalR_bgc

We examine differences between diagnosing total sink and aggregated individual land +
ocean timescales. While diagnosing timescales of uptake using land and ocean separately
does improve the curve fit to the modeled ensemble slightly, using the total sink and fitting
a memory function using the full simulation period allows us to capture the model behavior
better, especially using multiple timescales of exponential decay.

We also examine the effect of applying the least-squares optimization using only the first
100 years (when emissions are nonzero) versus the whole emissions period (1110 years) to
attain parameters for the exponential functions. We find that fitting only emissions-phase

SCM output to emissions produces a better representation of emissions-phase sinks, but
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Figure 4.11: FalR _bgc total carbon sink fluxes fit from emissions years only. Single
Exponential fit to CO2-constrained ensemble members using emissions and sink response

over first 100 years of simulation

including the entire 1110 year time period produces a better fit during the decarbonization
phase. This suggests that similar approaches to timescale diagnostics may underestimate
the importance of post-net-zero sink behavior if only a short amount of emissions-phase sink
data is used (as in pulse-emissions scenarios). This can be seen in Figures 4.11 and 4.12,
which show the comparative fit for single-exponential fits to the top 100 ensemble members

when constrained only by COs.

Comparison of total sink timescales between FalR and FalR_bgc

We estimate T parameters from exponential curve fits for both FalR_default and FalR_bgc.

FalR_default is built using timescales of removal, and we compute the « lifetime modifier
as an output at each time step. We then compare the mean effective timescales of removal
in FalR_default to the curve-fit timescales. The emergent lifetimes (a7;) generally agree
with the predicted timescales of removal (Figure 4.13). In particular, our predicted 73 is
most aligned with the longest mean emergent lifetime, (ar3).

Figure 4.14 shows the distributions of the diagnosed timescales, 7, of removal for the
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Figure 4.12: FalR _bgc total carbon sink fluxes fit from full simulation length.

Single Exponential fit to COs-constrained ensemble members using emissions and sink re-

sponse over entire length of simulation

total sink. The two different carbon cycle structures embedded within FalR_default and
FalR_bgc, even when constrained to historical COs and temperature trends, produce dif-
fering distributions of values for all 7s, and especially for the longest timescale of removal,
T3.

However, overall the 7 timescales are not entirely dissimilar, and we diagnose consistent
ranges of carbon lifetimes in the atmosphere from two very different carbon cycle structures.
This result highlights that FalR_default’s gas cycle construction may be sufficient to capture

the dominant timescales that emerge from in FalR_bgc’s more complex structure.

4.8.4 Identifying controls on timing of carbon sinks and timing of warming

Our next step is to identify how each of the parameters we modified in our perturbed param-
eter ensembles influences the diagnosed timescales of carbon uptake in each model. Figure
4.15 shows the variance in 7s explained by a linear model for each carbon cycle parameter
in FalR_bgc, and we find that these parameters are able to influence short- and long-term

timescales of uptake in intuitive ways. For example, the parameter kwScalar adjusts a fast
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process, gas-exchange between the atmosphere and the ocean surface. Correspondingly,
changes to its parameter value are felt most strongly in the shortest lifetime. By contrast,
changes to the parameter, PsiScalar, explains the most variance in the longest predicted
timescale. The CO» fertilization parameter, beta_550 exerts the strongest influence on the

longest timescale of uptake as well.

We perform the same exercise for FalR_default’s carbon cycle parameters (Figure 4.16)
but gain little insight from these relationships because the lifetime coefficient operates
on each characteristic 7; uniformly, and therefore do not project strongly onto particular
timescales.

We next examine the variance across our perturbed parameter ensembles in TCRE,
ZEC50, and ZEC500 that can be explained by a linear relationship between each tempera-
ture metric and each carbon cycle response sink rates (71, 72, or 73). We find that diagnosed
timescales of carbon removal for both FalR_default and FalR_bgc explain little to none of
the variance in warming metrics (Figure 4.17).

Rather, much of the variance in temperature metrics can be explained by parameters
that are used in FalR’s energy balance model. In particular the climate feedback parameter,
clim kappal, which is often denoted by A, exhibits the strongest influence on the TCRE
and ZEC (Figure 4.18).

4.8.5 Connecting FalR’s energy balance and carbon cycle modules

The three parameters included in Figure 4.18 are used in FalR’s 3-layer energy balance
model (see further description in Methods) and together explain almost all of the variation in
temperature on long timescales (as measured by the TCRE and ZEC) in both FalR_default
and FalR_bgc. The 7 parameters that we diagnose describe the rate of COg removal from
the atmosphere by carbon sinks, and removal of COs controls the concentration of CO9 in
the atmosphere and thus radiative forcing. Although the role of heat fluxes and climate
feedback rate have long been understood to play a substantial role in setting the temperature
response of global climate to forcing, it surprising that the timing of COs removal from

the atmosphere does not have much impact on temperature metrics. In Figure 4.17, the
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Figure 4.15: FalR_bgc carbon cycle parameter influence on diagnosed carbon
sinks. Variance in each timescale of carbon removal explained (R?) by each FalR_bgc

carbon cycle parameter.
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Variance in FalR_default carbon sink timescales explained by CC parameters
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Figure 4.17: Influence of diagnosed carbon sink timescales on warming metrics
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FalR_bgc: Variance in warming metrics explained by thermal parameters

clim_kappal, A

TCRE1000
ZEC50
ZEC500

clim_kappa2, k;

TCRE1000
ZEC50

ZEC500

clim_kappa3, k3

TCRE1000
ZEC50
ZEC500

0.0 0.1 0.2 0.3 0.4
R2 (fraction)

Figure 4.18: Influence of energy balance model parameters on warming metrics

in FalR _bgc. Variance explained by FalR_bgc energy balance model parameters used to

characterize ocean heat transfer, 1, the climate feedback parameter (also known as \), ko,

the heat transfer coefficient between the atmosphere and the mixed layer, and k3, the heat

transfer coefficient between the mixed layer and the deep ocean.
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diagnosed timescales of CO4 uptake in FalR_default (orange bars) and FalR_bgc (green bars)
explain only up to 5% of the variance in warming metrics, TCRE, ZE50, and ZEC500. We
further explore the importance of carbon cycle processes in setting the temperature response
of the climate system by linking the energy balance model and the carbon cycle model within

FalR.

What we would like to know is: is FalR’s temperature response to emissions truly
insensitive the behavior of the carbon sink (Figure 4.17), or is there something about the

structure of FalR _default that dictates this response?

As we have shown above, carbon sink timescales have little influence on long-term tem-
perature evolution in either FalR _default or FalR_bgc. In the following sections, we perform
two sensitivity tests to identify the response of FalR’s temperature calculation to changes
in carbon cycling when variability in energy balance parameters is muted and when ocean

heat flux is influenced by ocean circulation rates.

We offer three explanations for why variability in carbon sink rates does not influ-
ence long-term temperature variability in the original FalR. First, since a Latin Hypercube
sampling framework samples near-randomly from the parameter space and presumes no
correlation between parameters, the total range of variation in carbon cycle parameters
may be overwhelmed by the total range of variation in energy balance model parameters,
given the bounds we have selected for each parameter. Second, the structural separation
between FalR’s energy balance model and its carbon cycle model may predetermine an
artificially reduced explanatory power of carbon cycle in predicting temperature since, in
reality, processes that govern biogeochemistry in land and ocean are intimately linked to
processes that govern heat transport, and are not only connected through changes to atmo-
spheric COq forcing. Finally, it may be the case that FalR’s TCRE and ZEC insensitivity
to carbon cycle structure illuminates the potential insight that biogeochemical processes

have little bearing on the TCRE, the ZEC, and therefore the RCB.
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4.83.6 FolR TCRE and ZEC sensitivity to removing and correlating variability in heat

transport parameters

We can begin to distinguish between the first and second explanation by conducting two
sensitivity tests. In our first sensitivity tests, the energy balance parameters controlling heat
transfer between the surface ocean and deep ocean, denoted by k;, are held fixed, while all

other parameters are varied (cnst_k).

In the second experiment, the energy balance parameter specifically controlling heat
transfer between the mixed layer and deep ocean, denoted by k3, is correlated with the

ocean circulation rate, Sy, a parameter with in the ocean carbon cycle model (corr_kp).

The justification for this correlated ensemble (corr_kp) is that large-scale ocean cir-
culation rates should be expected to influence vertical ocean heat transport. The global
overturning circulation controls the rate at which excess heat absorbed by the mixed layer
is transported to depth. Since the total ocean circulation in the carbon cycle model of
FalR _bgc is scaled by a scaling parameter, PsiScalar, it follows that variations in this pa-
rameter should correlated with variations in the rate of heat transport in a coupled model.
By correlating heat transport coefficients and ocean circulation scaling parameter, we con-
nect the carbon-climate system and reveal connections between carbon cycle processes and
long-term climate responses to emissions as measured by the TCRE and ZEC. This explana-
tory power emerges from the downstream counteraction between increases in long-timescale
ocean carbon uptake and long-timescale ocean heat uptake, playing out a compensating
mechanism that is used to explain a mean value of zero for the ZEC across ESMs (IPCC
Working Group I, 2021a).

When the three energy balance parameters are held constant, we see little change in the
explanatory power of carbon sink timescales on temperature metrics, as shown in Figure
4.17, which displays the coeflicients of determination for a linear regression between each
diagnosed timescale of total carbon uptake (7s) and TCRE, ZEC50, and ZEC500. This

does not change when we add correlation between PsiScalar and clim _kappa3.

However, while we do not see a larger explanatory power of carbon removal timescales on

temperature metrics, we do see shifts in the diagnosed distributions of parameter values after
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Figure 4.19: Constrained thermal parameter distributions. Comparison of diagnosed
energy transport parameter values among FalR_default, FalR_bgc, and FalR_corr-kp when
constrained to CO2 and temperature change. FEach panel represents one energy balance

model parameter.

constraining for ensemble members that satisfy our COsy concentration and temperature
trend thresholds. Specifically, when PsiScalar is correlated with clim kappa3, we see
a significant shift in the TCRE toward higher temperature responses to cumulative COq
(Figure 4.8). This shift can be explained by a shift in the mean constrained climate feedback
parameter, A, toward lower values when we constrain the ensemble to the observed climate
(Figure 4.19). For each ensemble we end up selecting for values in the energy balance

parameters that compensate for these carbon-driven differences in climate.

When a high value for PsiScalar is correlated with high values for ocean heat uptake, a
stronger ocean carbon sink is correlated with a stronger ocean heat sink. As a result, when
constrained to observations, the constrained value for the climate feedback parameter shifts

toward lower values (Figure 4.19), producing a mean climate that has a higher temperature
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FalR_bgc carbon cycle parameters constrained by CO, and T
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Figure 4.20: Constrained carbon cycle parameter distributions. Comparison of
diagnosed carbon cycle parameter values when constrained to CO4 and temperature change.

Each panel represents one carbon cycle parameter.

sensitivity to radiative forcing. This can be seen in the shift toward higher TCRE values
in the experiment with correlated parameters, denoted as “corr-kp”, in Figure 4.8. As a
corollary, the selected values for other parameters that regulate other carbon feedbacks also
see a shift. In particular, the constrained values for beta 550 shift toward lower values,
indicating a weaker land sink.

Additionally, when we examine the selection of energy balance model parameters when
constrained to CO2 and temperature, in addition to the shift in the distribution the climate
feedback, most notably the climate feedback parameter, we also see a shift in the influence
of k3 on long-term temperature.

In the original FalR_bgc experiment, increasing k3 leads to a decrease in global tem-
perature, consistent with more efficient transport of heat to the deep ocean. However, in
the correlated ensemble, increasing this same parameter leads to an increase in long-term
temperature, despite the efficient transport of heat to the deep ocean. Figure 4.21 shows
timeseries of temperature for two subsets of each ensemble.

The change in temperature response to identical emissions is due to the shift in overall

climate feedbacks, which leads to the dramatic shift toward higher TCRE, overwhelming
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Figure 4.21: Relative effect of increasing k3. Comparative climate influence of changes
to k3 between FalR_bgc and FalR_bgc_ckp under the esm-flat10-zec scenario. Dashed lines
show the mean of all ensemble members (constrained by COy and temperature) that have
values for k3 below the parameter median value; solid lines show the mean of high k3

ensemble members for each experiment.

the influence of k3 on the ZEC which alone would tend to decrease temperature. The role
of TCRE is to bring the system to a warmer temperature at the point of zero emissions, and
adjustments to temperature through the ZEC are too small to compensate for this different
initial temperature at the point of decarbonization.

As a result, we see a shift in what we expect for future climate in the same emissions
scenario. Figure 4.22 shows the consequence of the remaining carbon budget (RCB) for
the correlated ensemble (FalR_bgc-corr kp) in comparison to FalR_bgc when constrained to
CO2 concentration and temperature as well as the other models assessed in Chapter 3.

The separation between energy balance and carbon cycling in SCMs is not unique to
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Figure 4.22: Remaining carbon budget (RCB) for different SCMs. a Remaining
carbon budget as of 2021 to limit warming to 1.5°C above preindustrial temperatures. b

Implied linear ramp-down to net-zero necessary to achieve RCB limit.
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FalR. In fact, we find that none of the common models we investigated across these chapters
(FaIR, HECTOR, and MAGICC) have connections between carbon cycle processes and heat
uptake processes. Connecting physical carbon-climate processes with heat uptake rates
reveals existing trade-offs in our interpretation of the climate system, illustrating the need
for ESM-driven constraints on processes within SCMs as well as outcomes.

Connecting the carbon cycle to energy balance through the physical dynamics of ocean
circulation changes our implied climate feedbacks. Importantly, both parameter ensembles
are able to reproduce the observed carbon-climate system, but contain implicit differences

in thermal characteristics that lead to different behavior of the system in the future.
4.4 Conclusions & Implications

When constrained to observed CO2 and temperature change, differences in carbon cycle
structure alone lead to insignificant changes in the TCRE (orange and green curves in
Figure 4.8). However, they lead to small, significant changes in the ZEC that increase
over time (Figure 4.9), suggesting that differences in biogeochemical feedbacks emerge after
net-zero emissions is achieved.

When fit to exponential memory functions with multiple timescales of decay, SCMs
exhibit the largest differences in longer (decade- and century-scale) timescales, with sen-
sitivities that correspond to real-world processes that we know influence the exchange of
carbon between chemical reservoirs.

However, our experimental design uses a set of parameters that are intentionally un-
correlated with one another, created with a Latin Hypercube sampling method. In the
physical climate system, some carbon and climate processes are effectively governed by the
same structure, in particular through ocean circulation. This is the case for the processes
that govern the ZEC in the real world. In FalR, since the flow of energy between Earth
systems is calculated separately from the flow of carbon, biogeochemical feedbacks may not
have the same influence we expect them to, but this is due to the structure of the model
inhibiting connections which exist in the real system.

In the FalR_bgc simulation, differences in biogeochemical feedbacks influence the rate of

carbon uptake (Figure 4.15). Variance in diagnosed carbon sink timescales can be explained
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by changes to the parameters that define biogeophysical feedbacks in ways that correspond to
the functionality of those changes. However, these carbon cycle parameter perturbations do
not explain any changes in long-term warming (Figure 4.18). A possible explanation is that
our perturbations to energy balance model parameters produce spread in the temperature
response that overwhelms the temperature change due to the perturbations to carbon cycle
parameters.

By generating a modified parameter distribution with logically correlated parameters,
we test whether separating carbon cycle and energy balance processes masks the influence
of carbon cycle structure on ZEC. We find that by connecting parameters that represent
connected processes, we shift our expectation for future climate even while staying consistent
with observed climate, in particular to higher climate sensitivity and larger response of
photosynthesis to COs. This result has critical implications for how we continue to model
mitigation scenarios in SCMs. It suggests that changes to our parameter space that do
not actively account for processes that affect both carbon cycling and energy balance can
lead to overestimation of climate feedbacks and non-COs warming and overestimation of
the historical land carbon sink. We see a 0.5 Pg C/year drop in our estimate of carbon
flux to the land in 2021 (from about 4.5 Pg C/year to 4 Pg C/year). Since many proposed
mitigation scenarios (both public and private) rely on modifications to the land sink, it will
be critical to evaluate and constrain the physical assumptions implicit in SCMs’ models
structures, especially as they affect climate sensitivity and land carbon feedbacks.

To address this problem, modelers can restrict the SCM parameter space to physically-
justified ranges using emissions-driven decarbonization experiments in ESMs. While cer-
tainly an ongoing part of model development (Smith et al., 2024), the task of perpetually
constraining parameters can be a daunting challenge, especially for SCMs; increasing con-
straints on parameter choices for SCMs reduces their ability to span the range of climates
simulated by very different ESMs. Another approach would be for SCM developers intro-
duce structural links between SCM components that reflect physical connections between
energy balance and the carbon cycle.

Both approaches require repeating these experiments with ESMs in emissions-driven

configurations, since concentration-driven experiments, which have been used to develop and
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calibrate FalR and other SCMs until today, are not able to fully capture the biogeochemical
feedbacks in response to emissions (or decrease emissions) that occur in mitigation scenarios
(Sanderson et al., 2023; Melnikova et al., 2023). With CMIP7, we will begin to learn more
about which processes in ESMs determine the long-term evolution of carbon.

This work raises an additional question about methods for diagnosing timescales going
forward when comparing emissions and decarbonization regimes. We cannot fairly compare
the response of emissions-regime carbon sinks to decarbonization-regime carbon sinks be-
cause the longer timescales of change do not emerge if only 100 years is given. (This is also
a limitation of the Joos et al. (2013) modeling study that only uses 300 years of simulation
for some model runs, which are then used to determine input lifetimes in FaIR.) Future sce-
narios that compare, for example, a 1000 PgC pulse of carbon to the esm-flat10-zec and a 1
PgC/yr for 1000 years emissions scenario to investigate differences between sink responses
during the emissions-phase vs. decarbonization-phase.

We have shown that SCMs may be missing key linkages between processes that have
significant impact on the diagnosed behavior of our climate system to warming. One pos-
itive take on this conclusion is that in many ways, the range of SCM structure has wider
diversity than ESM model structure, and as a result, identifying key drivers of differences
in the influence of carbon cycle feedbacks on temperature across simple models could aid
in identifying drivers of differences between ESMs. As the two types of models continue
to evolve, this work may constitute just one way in which they may continue to accelerate

each other’s advancement.
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Chapter 5

CONCLUSIONS AND FUTURE WORK

Conclusions

In two divergent climate settings, we show that habitability is sensitive to the behavior of
processes at the interface between the atmosphere and surface. In particular, the specific
response of processes on land to atmospheric forcing exerts a strong control on the overall
climate state.

Since ESM components reflect fields within Earth Science, the challenge of improv-
ing coupling between model components can be as difficult as interdisciplinary research.
Approaching and understanding these boundaries allows us to push fundamental bound-
aries in our understanding and ability to predict unobserved climates. This dissertation
is an attempt to better understand both past and future climate using (together) simple
and complex representations of our current Earth system, and in doing so, understand the
hinges that open and close the door to habitability.

We motivate each case with the goal of defining “habitability” because it forms a clear
use case for the model experiment, and a result dictates the specific model components
necessary to answer the question.

In Chapter 2, we crossed many model component boundaries and to find that in the
context of very different ocean states, land properties matter greatly for past atmospheric
moisture demand, which might allow for ocean-based life to survive at the boundary between
land and ocean because of important ice dynamics.

Performing these experiments required the use of a particular kind of land model capable
of resolving properties of the land surface that matter for the atmosphere, namely surface
albedo, evaporative resistance, and roughness. Beneath these properties lie more complex
components of soil type and composition, but for the purposes of passing information to the

atmosphere, we can simplify the land system, and the result is a more clear understanding
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of land’s role in overall climate. In this way, Lagué et al. (2019) cleanly illustrates the ideas
laid out in Held’s 2005 essay on the importance of maintaining climate model hierarchies.

At present, the most crucial boundary that thoughtful and creative model design might
address is the disconnect between human influence on the terrestrial biosphere and climate.
While Integrated Assessment Models (IAMs) can simulate human action as it influences
carbon emissions and consequently inputs to climate models, it is difficult to identify a
single climate model (simple or complex) that is able to produce reliable outputs that are
specifically relevant for human decision-making, which is perhaps the most critical element
influencing the global climate system.

In chapter 3, we show that models designed to emulate the Earth system with com-
putational efficiency, which removes the barrier of high and iterative sampling needed for
human decision-making, disagree in their predictions of the Earth system response to de-
carbonization. In chapter 4, we found that by structurally separating carbon cycling from
energy balance, SCMs may exaggerate the degrees of freedom in the carbon-climate system,
leading to unconstrained counteracting feedbacks and unphysical representations of histori-
cal climate. These representations may be consistent with historical observations but yield
meaningful differences for future climate habitability under decarbonization.

To address this uncertainty, ESMs may be used to further tune the SCM parameter space
to account for connected processes. In addition, we may also be able introduce structural
changes to FalR and other SCMs as these models continue to develop, that enforce physical
constraints from connections across the carbon-climate system.

Finally, this work motivates continued examination and characterization of ESM car-
bon cycle dynamics under decarbonization. This is especially urgent in the context of the
terrestrial carbon cycle as wildfires and other disturbances exacerbated by climate change
drive increased uncertainty in projections of forest ecosystems and consequent above-grown

carbon storage (Wu et al., 2023).

Future Work

Further work is planned for both refinement of Snowball Earth habitability and exploration

of the influence of decarbonization on the carbon-climate system.
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We plan to test the sensitivity of our precipitation minus evaporation and temperature
thresholds to continental configuration in CESM, prescribing Neoproterozoic continents with
the same experimental design. Further work is needed to investigate changes to atmospheric
circulation due to the orography of ice sheets and their consequent influence on habitability.

An crucial difference between the definitions of habitability during Snowball Earth and
future climate is the inclusion human influence change on the climate state through fossil
fuel and land use-driven emissions.

The addition of the esm-flat10 experiments in the CMIP7 Fast Track experiment list
is an exciting advancement. The results of these simulations will allow us to include un-
certainty in carbon cycle feedbacks in our assessment of mitigation policies. Importantly,
esm-flat10-zec and esm-flat10-cdr are decarbonization pathways, allowing for key metrics
for warming abatement to be calculated in the context of decreasing emissions. These exper-
iments are designed specifically to inform IPCC Assessment Reports, which are subsequently
used in guiding global climate agreements and local climate policy.

While concentration-driven runs are useful for allowing a larger diversity of models to
participate in CMIP, emissions that are used to drive the SCMs and compose RCPs differ
from the inferred emissions (Liddicoat et al., 2021; Sanderson et al., 2023). This inconsis-
tency poses a challenge when interpreting model results for policy decision-making. In the
case of land-use change for carbon uptake and hypothetical decarbonization technologies,
which exist in ITAMs but not in ESMs, interred emissions cannot be calculated. An addi-
tional next step for emissions-driven Earth System Models will be to include land use-driven
emissions ad technologies such as Bioenergy with Carbon Capture and Storage (BECCS),
which makes use of the terrestrial biosphere to capture CO2, as an endogenous process. Do-
ing so would allow us for coherence in the entire carbon cycle and the process of quantifying
uncertainty in the carbon-climate system.

Finally, this work illustrates the need for sensitivity tests within and across ESMs to
parameter choices that influence carbon cycle processes and feedbacks, again, in decar-
bonization scenarios. While carbon cycle PPEs may be a computational challenge, we are
already making decisions about decarbonization that assume untested characteristics of the

Earth system, and the challenge of reversing or regretting those decisions is even larger.
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The need to incorporate human-centric metrics into climate model design has another
dimension beyond emissions and policy, which is climate impacts as they are felt by hu-
man beings. As part of the EU-funded SPARCCLE project, I will be working to extend
the climate model emulator, MESMER (the Modular Earth System Model Emulator with
spatially Resolved output) (Beusch et al., 2020, 2022) to include biophysical impact indi-
cators for the purposes of climate hazard attribution as well as uncertainty quantification.
These indicators include heatwave duration, heat stress, heat index, and runoff, and will be
built using results from the Inter-Sectoral Impact Model Intercomparison Project (ISIMIP)
(Warszawski et al., 2014; ISIMIP3, 2024). ISIMIP provides a protocol for models to assess
climate impacts as they relate to specific economic sectors and regions, giving policymakers
usable information to plan climate mitigation as well as adaptation.

My hope is this work will help to cross new disciplinary and model boundaries in our
coupled climate system, advancing our understanding of the human-Earth system through

the lens of habitability in a new way.
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